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ABSTRACT 
Andere, Anne A. M.S., Purdue University, August 2014. De novo Genome Assembly of 
the Blow Fly Phormia regina (Diptera: Calliphoridae). Major Professor: Christine J. 
Picard. 
 
 
Phormia regina (Meigen), commonly known as the black blow fly is a dipteran that 
belongs to the family Calliphoridae. Calliphorids play an important role in various 
research fields including ecology, medical studies, veterinary and forensic sciences. P. 
regina, a non-model organism, is one of the most common forensically relevant insects in 
North America and is typically used to assist in estimating postmortem intervals (PMI). 
To better understand the roles P. regina plays in the numerous research fields, we re-
constructed its genome using next generation sequencing technologies. The focus was on 
generating a reference genome through de novo assembly of high-throughput short read 
sequences. Following assembly, genetic markers were identified in the form of 
microsatellites and single nucleotide polymorphisms (SNPs) to aid in future population 
genetic surveys of P. regina. 
A total 530 million 100 bp paired-end reads were obtained from five pooled male and 
female P. regina flies using the Illumina HiSeq2000 sequencing platform. A 524 Mbp 
draft genome was assembled using both sexes with 11,037 predicted genes.  
The draft reference genome assembled from this study provides an important resource 
for investigating the genetic diversity that exists between and among blow fly 
xi 
 
 
species; and empowers the understanding of their genetic basis in terms of adaptations, 
population structure and evolution. The genomic tools will facilitate the analysis of 
genome-wide studies using modern genomic techniques to boost a refined understanding 
of the evolutionary processes underlying genomic evolution between blow flies and other 
insect species.
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CHAPTER 1. INTRODUCTION 
Insects are one of the most diverse organisms and have adapted to a broad range of 
habitats. They perform a vast number of significant functions important to agriculture, 
human health, natural resources and the economy [1-3]. In particular, they are important 
in activities ranging from the provision of food for man and wildlife [4, 5], acting as 
predators, parasites and parasitoids [5, 6]; aiding in the pollination of crops and other 
flowering plants [7, 8], in the decomposition of organic matter, fertilization of soils [2, 9]; 
and even in the production of commercial products such as silk and honey [10, 11]. 
Insects have therefore been used in a variety of landmark studies including climate 
change, developmental biology, ecology, evolution, genetics, medicine and forensic 
sciences [1-3, 12-15]. The order Diptera, which is also known as the “true flies”, is one of 
the largest insect orders and contains a large number of diverse species worldwide [2, 12]. 
Calliphoridae are a family of insects in Diptera that are important scavengers as they feed 
and remove decomposing plant and animal material from the environment, and also act as 
pests and parasites in livestock [2].  
 
 
 
1.1 Blow Flies (Diptera: Calliphoridae) 
Calliphoridae, commonly known as blow flies, are a family of flies belonging to the 
Diptera. There are over a thousand species of Calliphoridae with a worldwide distribution 
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[2], making them a valuable model of study in various scientific research studies. 
Researchers in fields ranging from veterinary, medical, forensic, ecology, genetics and 
many other disciplines have had an interest in studying various species from this family 
due to the diverse roles they play in different scopes of studies [2, 13, 16]. Calliphoridae 
are one of the most dominant insects which contribute to the decomposition process [17] 
and are one of the important groups of insects that are typically the first to arrive at the 
scene of a dead body [2, 18]. They are therefore an important group of insects in forensic 
sciences, as forensic entomologists commonly use them to assist in estimating the time 
since death, generally referred to as postmortem interval (PMI). Insects are especially 
useful when decomposition has progressed and traditional medical and physiological 
estimates of time since death are no longer accurate. Calliphoridae are not only limited to 
decomposition, but they also play important roles in other disciplines [19]. The larvae of 
certain species of blow flies such as Lucilia sericata (Meigen) are utilized in wound care, 
specifically maggot debridement therapy (MDT) [13, 20, 21]. In Australia, the larvae of 
another closely related species, Lucilia cuprina (Wiedemann), are responsible for 
parasitizing sheep and causing flystrike, leading to major economic losses [16]. 
 
 
 
1.2 Phormia regina (Black Blow Fly) 
Phormia regina (Meigen, 1826), a member of the sub family Chrysomyinae [22] is 
the predominant forensically relevant species of blow fly in Northern America [2]. The 
adult flies have a characteristic dark green to olive color on both the thorax and abdomen 
and they typically range in length from 7 to 9 mm (Figure 1.1) [2].  
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P. regina is one of the most common blow fly species across North America and is 
present throughout the year in different seasons. It is a Holarctic blow fly species, 
meaning it is mostly found in non-tropical regions in the northern continents of the world. 
It is typically considered a cold weather fly as it is mostly abundant during the cooler 
spring and fall temperatures. In warmer areas it will be found in higher altitudes [23]. It is 
dominant in Southern USA during the winter months and in the Northern USA and 
Canada during summer months [2, 24]. It is not only found in North America, but is also 
present in Western Europe [25, 26]. Aside from forensic studies, P. regina has also been 
used as a model of study in a number of various scientific studies varying from genetic, 
fertility, behavioral, medical and gene expression studies [13, 14, 21, 27-31].  
 
 
Figure 1.1 Dorsal view of the adult female and male. (Photo courtesy J. Whale) 
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1.2.1 Life Cycle 
Blow flies use a visual search coupled with assistance from powerful olfactory 
receptors on their antennae to detect the location of human and animal remains [2]. Once 
detected, female flies locate wound openings and natural orifices such as the mouth and 
eyes to lay their eggs. After a period of time, the eggs hatch into a first instar larvae 
which voraciously feed on the carrion and eventually molts into two additional instar 
stages before crawling away from the corpse to pupate. Following pupation, the adult fly 
emerges [2, 24]. Depending on a number of variables, (e.g. the availability of suitable 
food resources, other blow fly species, ambient temperature and climatic conditions), the 
duration of P. regina’s development from egg to adult is typically 10 - 14 days (Figure 
1.2) [24].  
The life cycle of P. regina is important in forensic investigations as their 
developmental rate can be used to estimate the time since death. Larvae present on the 
body are collected and their approximate age determined using published temperature-
dependent developmental data, which is extrapolated backwards to estimate minimum 
PMI [2]. 
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Figure 1.2 The life cycle of Phormia regina. The development of blow flies follows a predictable cycle that 
typically has four distinct life stages, namely egg, larvae, pupae and adult, that takes approximately 10 – 14 
days [24]. (Photo courtesy J. Whale) 
 
 
1.3 The Genetics of Blow Flies 
1.3.1 Molecular Identification and Population Genetics 
A majority of insects are morphologically and phenotypically similar, especially in 
the early stages of development, the larval and pupal stages [32, 33]. Because 
morphologically similar species may differ in development time, it is important to 
correctly identify the species of fly when conducting forensic investigations. Since larvae 
are collected at different stages of development, it is necessary to obtain molecular 
markers that will assist in the correct identification of the species, sex, and if possible, the 
geographic location of origin [2, 33, 34]. Molecular markers present in different 
developmental stages will hopefully be able to categorize the larvae into reliable age 
estimates, which in conjunction with published temperature-dependent developmental 
data will aid to estimate the time of insect activity and eventually assist in estimating PMI 
[26, 35]. 
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Advances in molecular biology and genetic identification techniques have increased 
the use of DNA for molecular identification purposes [2]. The most common molecular 
method for identification is the use of mitochondrial DNA (mtDNA) sequencing. The 
mitochondrial gene cytochrome oxidase subunit I (COI) has been shown to serve as the 
core of a global bio-identification system in animals [36] and its profiles have been used 
to correctly analyze taxa to their appropriate phylum or order [36]. The COI gene has also 
been used in DNA typing of blow flies due to high interspecific nucleotide variation, 
making it a valuable tool for determining markers that can be used for the molecular 
identification of blow flies [26, 37]. The combination of COI and other three 
mitochondrial genes, cytochrome oxidase subunit II (COII), NADH dehydrogenase 
subunit 4 (ND4) and NADH dehydrogenase subunit 4L (ND4L) have been used in 
molecular phylogenetic analysis to test evolutionary hypotheses of different blow fly 
species in Australia, and results showed that they were able to identify most of the 
species reliably [38]. DNA sequences from ribosomal RNA (rRNA) have also been used 
in the molecular identification of blow flies. The large sub-unit 28S of rRNA has been 
used to study phylogenetic relationships among blow fly species with the intent to resolve 
key taxonomic relationships within the Calliphoridae family [39, 40]. Sequencing 
mtDNA and rRNA correctly identifies most blow fly species [26, 41]; however, these 
molecular markers fail for closely related species [26, 42]. This is due to the fact that low 
sequence divergences of sister species cause intra- and inter- specific nucleotide 
divergence to overlap resulting in similar haplotypes causing misidentification of a 
species [26, 41, 42]. A good example is of two closely related species, Lucilia caesar 
(Linnaeus) and Lucilia illustris (Meigen) whose COI sequences were unable to accurately 
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distinguish them due to some overlapping identical haplotypes [26, 38, 42]. Therefore, in 
cases where there is a failure of species separation using such molecular markers, they 
should not be used alone but in conjunction with additional markers to overcome these 
problems. 
Mitochondrial DNA is more appropriate for species discrimination than for detecting 
population variation [2]. Thus the population genetic structure of blow flies have been 
studied using nuclear DNA, mostly by random amplified polymorphic DNA (RAPD), 
amplified fragment length polymorphism (AFLP) profiles, neither of which require any 
genomic information, and more rarely, microsatellites [43-45]. RAPD markers are DNA 
fragments produced from the amplification of random genomic DNA segments. Profiles 
from RAPD have been used to confirm the species integrity of L. sericata (Meigen) and L. 
cuprina (Wiedmann), which are two species that are similar in morphology and ecology, 
yet populations of each species vary in their importance as pests in different parts of the 
world [44]. The limitation of RAPDs is the sensitivity of the profiles to experimental 
conditions making it difficult to independently reproduce the same profiles [2, 46]. This 
variability limits its use in the characterization of distantly related groups, thus, it is 
recommended that a complementary technique such as DNA sequencing should be used 
in conjunction with RAPD [46]. 
AFLP uses selective PCR amplification of restriction fragment elements from 
genomic DNA [47] to detect restriction site polymorphisms. The number of loci 
produced from AFLP can be used to infer population genetic structure [2]. AFLP profiles 
for P. regina have been generated and used to find significant variation among discrete 
samples collected in one location over a short period of time [43]. 
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They have also been used in conjunction with mtDNA to correct an error of 
misidentification between two afrotropical blow flies (Chrysomya putoria and 
Chrysomya choloropyga -Weidemann) [48].  
Microsatellites are simple sequence repeats (SSR) that are popular genetic markers 
because they are highly polymorphic [2, 49, 50]. They are used in population genetics as 
they can assess the direction of gene flow and genetic differentiation between populations, 
and have a potential of providing data to be used for fine-scale phylogenetic analysis to 
the level of closely related species [2, 45, 51]. Microsatellite typing methods were used to 
develop polymorphic microsatellite loci in L. illustris and L.sericata [45]. The 
development of microsatellites for non-model species used to be labor intensive, however, 
next generation sequencing (NGS) techniques has made it easier and faster for the 
identification of large numbers of microsatellites at reduced costs using sequenced DNA 
[49, 50, 52]. 
 
 
 
1.3.2 Limited Genomic Resources in Phormia regina 
Phormia regina is a non-model organism and has limited genomic resources available. 
It has variable developmental time which might have been influenced by the different 
geographic and climatic seasons in which it can survive [18, 24, 53]. Previous studies 
show that there is genetic variation within P.regina populations found in different 
geographic locations [43] and this concept can be applied to other blow fly species as 
well. The presence of population structure enable them to be geographically distinguished, 
and this can play a major role in various studies including potential forensic applications 
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in the determination of corpse relocation [54]. Due to its dominant status in North 
America, and its capability to survive in numerous geographic and climatic conditions all 
year round, P. regina is a good candidate for the assembly of its genome. This genome 
can be a representative reference genome for the Calliphoridae family, as there are 
currently no known genomes for this family. Next generation sequencing (NGS) 
technologies will aid in facilitating novel gene detection and the development of genomic 
tools on P. regina that can be used for further downstream analysis. 
 
 
 
1.4 Sequencing Technologies 
Over the years, there have been several revolutionary approaches to DNA sequencing, 
with the recent one being the introduction of NGS technologies which are non-Sanger 
based high throughput DNA sequencing technologies [55]. NGS has experienced fast 
technological advancements largely due to the commercial introduction and availability 
of  sequencing instruments [55]. Advanced NGS technology has triggered rapid and cost-
effective methods of sequencing genomic DNA with the technologies producing up to 
one billion bases in a single run [56]. It has been employed in numerous areas of genetics 
and genomics. Genomic information is now easily attainable leading to an explosion of 
NGS use in a wide array of applications. New areas of biological inquiry that involve 
genome assemblies have opened up and scientists across many fields have an opportunity 
to use this data and focus on a multitude of organisms, populations and ecologies [57-61]. 
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1.4.1 History of DNA Sequencing 
In the late 1970’s, the first generation of DNA sequencing methods were 
independently developed by Allan Maxam and Walter Gilbert (Maxam-Gilbert 
sequencing method) [62], followed by the development of Sanger sequencing by 
Frederick Sanger and his colleagues [63]. At this time it was quite an arduous, expensive 
and time-consuming task to sequence DNA, but the reads produced were relatively long, 
high quality reads between 300 and 1000 nucleotides [63, 64]. As time progressed and 
sequencing technologies introduced, faster and more accurate automatic sequencing 
instruments were introduced [65]. By the 2000’s, there was a rapid evolution in 
sequencing development that produced even more powerful instruments that have 
generated a substantial increase in throughput with moderate accuracy, and subsequently 
a reduction of the cost and manpower needed to perform sequencing [65, 66]. However, 
the reads produced have been shorter, ranging between 35 – 250 bp [56, 65]. 
The hallmark of NGS has been the increase in throughput and decrease in cost as 
compared to previous technologies [67], with much improvement in read length and 
coverage. Sequencing first began with the use of bacterial artificial chromosomes (BAC), 
then the development of automated pyro sequencing, advancing to the explosion of newer 
NGS methods such as the whole genome shotgun sequencing (WGS) techniques that 
produce high quality reads [63, 68, 69]. 
BAC-based sequencing was used in the initial stages of various genome sequencing 
projects including human and Drosophila genomes [70]. In BAC sequencing, several 
copies of the genome are randomly sheared into fragments of approximately 150 kb long, 
and each of the fragments is inserted into a bacterial artificial chromosomes. Each BAC 
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clone is amplified in bacterial culture, isolated, and sheared to produce size-selected 
pieces of approximately 2 – 3 kb, which are sub-cloned into plasmid vectors, amplified in 
bacterial culture and chosen for sequencing [55]. The sequences from each group of 
subclone are then assembled into larger genomic fragments. 
In WGS sequencing, genomic DNA is sheared and size selected into distinct sizes and 
cloned into plasmid and fosmid vectors. The ends of the subclones are sequenced to 
generate sequenced reads, preferably paired-end sequenced reads which are one of the 
necessary requirements for generating linking information to assist in whole-genome 
assembly algorithms (more below) [55]. The sequencing instrument reads the DNA 
fragment starting from both ends of the template fragment, producing two reads that 
overlap or are separated by a short gap of an approximate known length, referred to as 
insert size [67], as illustrated in Figure 1.3. 
Currently, most NGS sequencing platforms require that the template DNA is short, 
between 200-1000 bp and that each template contains forward and reverse primer-
binding sites, introduced during library template preparation [67]. NGS instruments are 
capable of producing millions of DNA sequence reads in a single run, however there is 
induction of high fragmentation especially in highly polymorphic or highly repetitive 
genomes [55]. 
 
 
1.5 Sequencing Platforms 
Sequencers vary in their sequencing mechanisms, the read lengths produced, the 
number of reads that can be produced per run, and the cost of sequencing [65]. There are 
a number of commercially available platforms, each with advantages and disadvantages. 
12 
 
 
Some of the commonly known platforms are by Illumina (www.illumina.com), Roche 
454 Life Sciences (www.454.com) and ion torrent (www.lifetechnologies.com). 
The 454 sequencing platform manufactured by Roche was the first platform to be 
introduced commercially [55, 65] and is known for producing longer reads from 400 bp 
up to 1000 bp long. It currently has two sequencers (GS Junior and GS FLX systems) that 
are used for whole genome and transcriptome sequencing, targeted resequencing and 
metagenomic sequencing (www.454.com). Illumina is a leading sequencing platform and 
offers a variety of sequencing instruments (MiSeq, NextSeq, HiSeq, and HiSeq X) that 
are used for a number of projects involving genome, epigenome and transcriptome 
sequencing. The read lengths produced by Illumina sequencers range in size from 125 bp 
to 300 bp (www.illumina.com). The Ion Torrent sequencing platform is a benchtop high-
throughput sequencing instrument that is ideal for small sequencing projects and 
produces reads ranging from 200 bp – 400bp in length (www.lifetechnologies.com). 
 
 
 
1.5.1 Whole Genome Sequencing  
The sequencing process first involves shearing the DNA of an organism into 
fragments suitable for DNA sequencing. Most of the NGS platforms work by annealing 
linkers to blunt-ended fragment libraries generated from a genome or DNA of interest. 
The linkers used are often specific to the sequencing platform used. Adapter sequences 
are then ligated to the DNA fragments enabling selective amplification by polymerase 
chain reaction (PCR) [55]. This is in contrary to the BAC sequencing method where a 
bacterial cloning step is required to amplify the fragment in a bacterial intermediate. 
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Once sequences have been obtained, their quality must be assessed. Each base called 
for a given read is assigned a quality score. A quality score is an algorithm that measures 
the quality and accuracy of the DNA sequences produced, and is assigned to every base 
called [71, 72]. Quality scores enhance the ability of an assembler to discriminate correct 
base calls from incorrect base calls, by enabling the filtration or removal of lower quality 
reads during the pre-assembly process [73, 74]. Eventually, the accuracy of the input data 
is enhanced as the assembler is able to differentiate true DNA polymorphisms from 
sequencing errors and in identifying ambiguous nucleotides [71, 72].  
Quality scores (Q) can be defined by the following equation: 
 
𝑄 = −10 ∗ 𝑙𝑜𝑔10 (𝑃) 
Equation 1.1 Quality score equation. P is the probability that the corresponding base call is incorrect [71]. 
 
 
where ‘P’ is the estimated error probability. Therefore high quality values correspond to 
low error probabilities and vice versa [71, 72, 75] as shown in Table 1.1. 
 
Table 1.1 Phred quality scores calculation. Quality scores are assigned to each nucleotide base call. A 
quality score of 20 assigned to a base indicates a 1 in 100 probability of an erroneous call, or alternatively 
is 99% accurate. 
PHRED QUALITY 
SCORE 
PROBABILITY OF 
INCORRECT BASE CALL 
BASE CALL 
ACCURACY 
10 1 in 10 90% 
20 1 in 100 99% 
30 1 in 1000 99.9% 
 
 
Early sequencing models were capable of only generating unpaired or single-end (SE) 
reads, however many newer models now have the option of producing paired-end (PE) 
reads [76]. PE reads (Figure 1.3) are pairs of reads generated from a single DNA 
fragment of a fixed size, with an orientation assigned to them by the sequencer i.e. 
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forward or reverse reads [77]. PE reads come from sequencing each of the DNA 
fragments twice, once from either end of the fragment [55, 66, 78] leaving a defined 
space in between each fragment that is not sequenced.  
 
 
Figure 1.3 Two types of libraries and their orientation. (i) Single-end (SE) reads are short sequenced 
fragments that have only one end sequenced. (ii) Paired-end (PE) reads are generated from each DNA 
fragment sequenced both ends producing forward and reverse reads. 
 
 
PE reads have a known spacing and orientation, which provides the required 
information to link similar sequences, improving the efficiency of sequence assembly 
[74]. During assembly, the assembler uses both the orientation and the expected distance 
between the PE reads to reconstruct a genome [77]. Contiguity in the sequences is created, 
facilitating the genome assembly process [55]. Depending on the library preparation 
technique, the distance between the sequenced ends can be as short as 200 bp or as large 
as several tens of kilobases [66]. 
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PE reads can be used to estimate how far apart each read should be from its mate in 
the final assembly, therefore if one read is mapped to a unique position; it is possible to 
assign an approximate location for its partner. PE reads can also indicate the size of 
repetitive regions [66] and help to span a particular repeat to assist in assembling data 
unambiguously [77]. 
 
 
 
1.6  De novo Genome Assembly 
De novo genome assembly refers to the reconstruction of a draft genome using a 
collection of randomly sampled fragments produced from sequenced DNA [64, 76, 79]. It 
is the process where individual sequenced reads are merged together to form long 
contiguous sequences (‘contigs’) that share the same nucleotide sequences as the original 
template of the DNA which was sequenced [80]. The assumption is that if two or more 
sequence reads share an overlapping substring of bases, then they are likely to have 
originated from the same chromosomal region in the genome [79]. The output of an 
assembly is typically a set of contigs created from a consensus sequence provided by 
multiple sequence alignments of overlapping reads (Figure 1.4) [76]. 
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Figure 1.4 Contig and scaffold assembly. Overlapping reads are aligned and assembled to create a long 
contiguous sequence known as contig. Contigs are then ordered, oriented and linked with the help of pair-
end reads. Gaps between the contigs are represented by the letter ‘N’ [76, 81].  
 
 
Contigs are ordered and oriented into scaffolded sequences with the help of PE reads 
or additional sequencing (Figure 1.4). PE reads are used to find the approximate distances 
between non-repetitive contigs in the genome and connects the ones that are in the same 
orientation, producing scaffolds with gaps [67, 76, 81]. The gaps are often represented by 
a consecutive number of the letter ‘N’ which denotes regions of uncertainty [64]. The 
length of the N’s may represent the gap length based on the mates of the paired-reads 
spanning both contigs [76]. 
Eukaryotic genomes vary by several orders of magnitude in terms of size. Therefore 
assembled draft genomes differ in size, ranging from hundreds to thousands to millions of 
bases. The human genome is ~3000 Mbp [70] while the fruit fly, Drosophila 
melanogaster’s genome is ~130 Mbp [59, 82]. 
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For that reason, data storage for assemblies is an important concept to keep in mind 
during the sequencing and assembly process. It is worth noting that the size of the 
genome does not correlate with the number of genes present or the complexity of the 
organism [82]. 
The widely accepted data file format for saving an assembly is known as the FASTA 
format (Figure 1.5) [76]. FASTA files are text based files which represent the sequence 
of the elements being studied, in this case, nucleotide sequences. The nucleotide 
sequences are represented by a string of characters that describe DNA, namely adenine, 
guanine, cytosine and thymine (‘A’,’G’,’C’,’T’). Unknown characters or ambiguous 
nucleotides that are not read properly by the assembler will be represented by the letter 
‘N’ in the assembly [79]. 
 
 
Figure 1.5 FASTA file format. The first line is the description line which is distinguished from the 
sequence by the symbol ‘>’. The description is followed by the nucleotide or peptide sequences. 
 
 
Sequence reads can either be saved in the FASTA or FASTQ format [75]. FASTQ 
files (Figure 1.6) are just an extension of the FASTA format, but are more informative in 
that they store a numeric quality score associated with each nucleotide in a sequence [75]. 
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Figure 1.6 FASTQ file format has four lines per sequence. Line 1: Starts with ‘@’ and is a sequence 
identifier with an optional description. Line 2: Raw sequence with nucleotides. Line 3: starts with ‘+’. It 
signals the end of sequence lines and beginning of quality strings. Line 4: Quality values. They are 
indicated in form of ASCII characters (ie the numbers 0-9, the letters a-z A-Z, and punctuation symbols).  
 
 
1.6.1 Importance of De novo Genome Assembly 
De novo genome assembly facilitates the discovery of variable polymorphic regions 
within and among different species, especially in the absence of a reference genome of 
the same species or a closely related species. It also enables the discovery of novel genes 
and facilitates the creation of a catalog of genes from draft genomes [83, 84]. 
 
 
 
1.6.2 Challenges of De novo Assembly 
There are a number of challenges associated with the genome assembly. Ideally, an 
assembled genome should comprise of one contig for every chromosome of the organism 
being sequenced; however, in most cases many contigs are created due to a combination 
of factors. They emanate from the high volume of short reads produced by the NGS 
platforms, the presence of repetitive sequences, sequencing errors, the absence of a 
reference genome for comparison purposes, time and memory used by the assembly 
program, uneven coverage of some genomic regions, and storage resources for the input 
and output data. [79]. The greatest challenge that affects the assembly process leading to 
mis-assemblies is the repetitiveness of the sequence data. 
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During sequencing, NGS covers each base position a number of predetermined times 
producing a large volume of data made up of short read lengths [59, 76]. Short reads have 
less information per read which makes the process of assembly computationally difficult 
[76] as the assembly would require a higher coverage of the shorter reads to make up for 
the less information delivered. Higher coverage subsequently introduces complications to 
the assembly process as it increases the computational demands that usually accompany 
large data sets [76]. Fragmented assemblies are commonly created when short reads are 
used, since the short reads make it difficult for the assembler to resolve repeat regions 
[56]. 
Assembly errors can arise when there are repetitive elements longer than the read 
length being used in the assembly, including non-unique elements from gene duplication 
or transposable elements (TE) [80]. Generally larger genomes tend to have more 
repetitive DNA than smaller genomes, represented by TE’s, simple sequence repeats 
(SSR), and duplicated genes. Repetitive DNA are sequences that are similar or identical 
to sequences elsewhere in the genome [77]. They align to multiple positions in the 
reference genome and create ambiguity as to which location was the true source of the 
read [67, 77]. Repeats can range in size from1 - 2 bases (i.e. mono- or dinucleotides), to 
millions of bases [77]. There is a substantial amount of repetitive sequences in eukaryotic 
genomes, as evidenced in the human genome, as nearly half is composed of repetitive 
DNA sequences [77]. These repeats are a problem in alignment and assembly, and are 
one of the main causes which contribute to the complexity in the assembly process [59, 
80].  
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They ‘confuse’ the assembly process because reads originating from distinct copies of the 
repeat appear identical to the assembler making it difficult to differentiate sequencing 
error from polymorphism between repeat copies, thus resulting in incorrect placement of 
the reads leading to  poor quality assemblies [56, 77, 78]. 
Resolving repetitive sequences is difficult, especially when the length of the repeated 
unit is longer than the sequence reads (Figure 1.7) [80]. An important component of 
dealing with repetitive sequences is to have PE reads [74]. When the repeats are longer 
than the read length, gaps are created in the assembly [77]. 
 
 
Figure 1.7. The grey thick lines with spaces represent different sized contigs from one region, created from 
longer reads (Sanger) and short reads (SRS).The boxes in the middle represent repeats (Blue = repeats 
longer than 800 bp. Red =  repeats shorter than 800 bp.). An assembly of the long reads (top line) would 
correctly resolve the short repeats, breaking only at the boundaries of long repeats. PE reads (shown by the 
thin lines) would significantly help in connecting across the repeats.  An assembly created from short reads 
(bottom line) is more fragmented as it breaks at all repeat boundaries. PE reads would considerably assist in 
connecting the contigs across the repeat regions [56]. Reproduced with permission from Elsevier 
Publishing Company. 
 
 
PE reads are therefore capable to span repeats longer than the individual reads and 
thus are usually essential when assembling genomes [76]. An alternative to dealing with 
repetitive reads is sequencing longer reads (Figure 1.7), which would help in connecting 
gaps produced by the repeats in a sequence alignment [56] using other sequencing 
technologies as part of an integrative approach. Since some repeat instances are longer 
than the read lengths, shorter reads have a low capability of resolving these genomic 
repeats (Figure 1.7) [76].  
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1.7 De novo Genome Assemblers 
Sequencing is not error-proof and thus each position has an associated probability of 
producing sequencing errors. The software used in different assemblers therefore needs to 
be programmed to be flexible to allow and tolerate imperfect read alignments. Due to the 
influx of data from the rapid evolution and availability of NGS technologies, a surge of 
assembler packages each with an aim of producing high quality assemblies have emerged.  
There are numerous assembler tools from freely available open source packages as well 
as commercial packages [85-88]. The open source packages are available to the public for 
use and modification from the original design if need be. 
Choosing an assembler depends on the programs usability and the quality and 
composition of the assembled product [80, 89]. Usability comprises of factors such as 
hardware and software requirements, ease of installation, execution and speed of the 
whole process [80]. The user may choose an assembler through the process of elimination. 
This entails testing different assemblers and eventually choosing the one that generates 
the desired or adequate assembly as determined by a set of specific assembly metrics.  
As previously mentioned, eukaryotic genomes are composed of repetitive DNA, 
which are a challenge to assemblers because genomic regions share perfect repeats which 
are indistinguishable even if originating from different genomic locations [76]. For 
repeats with slight variations, applying stringent settings to the parameters of the 
assembly and alignment process can assist the assembler to place the reads at their correct 
alignment position [76]. There are two standard data structure approaches frequently used 
in the assembly process by most common assemblers. These are de Bruijn graph 
approaches and overlap layout consensus (OLC) approaches [76] and each are better 
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suited for different read lengths and sequencing depths [90]. Both use graph algorithms in 
the construction of an assembly. Typically, in computational terms, a graph includes 
nodes and edges where nodes are the vertices or points and edges are the lines or arcs 
connecting the nodes. De Bruijn graph approaches are the favored approach used by most 
assemblers [85-87, 91] as the assembly of repetitive regions present in short sequenced 
reads are better handled than by the OLC approach. 
 
 
 
1.7.1 Overlap Layout Consensus (OLC) Approach  
The OLC consists of three main stages from which it derives its name: the overlap, 
layout and consensus stage. The overlap stage is the first stage which begins by 
comparing all the reads to each other in a pairwise manner and computing overlaps 
between them constructing an overlap graph [76, 90]. This is followed by a layout stage 
where the overlap graph is analyzed and simplified by the removal of redundant reads 
and the graph algorithm determines a relative placement of the reads along the genome 
[76, 90]. Finally in the consensus stage, the assembler builds an alignment of all the reads 
covering the genome inferring the original sequence of the assembled genome through 
the consensus of the aligned reads [76, 90]. 
The ultimate goal of the OLC is to identify appropriate paths that pass through the 
constructed graphs only once, which unfortunately is computationally difficult. The 
overlap phase is time consuming and computationally intensive especially in NGS data 
that contains millions of short reads, as the overlap of every single pair of reads in a data 
set is determined. [76, 90]. The first genome assemblers were OLC based and they 
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targeted reads from Sanger sequencing. Therefore the OLC was initially designed to be 
used for Sanger-based sequencing technology, and thus it works quite well with longer 
reads produced by Sanger-based assemblers [90]. It was not programmed for the 
assembly of short read length (~30 bp – 100bp) that usually have a high read depth ( >30 
X coverage) to compensate for the short length [90]. The computational complexity of 
OLC has limited its use by assemblers, however, as NGS data is now on the rise, current 
OLC assemblers such as Newbler (http://www.454.com/products/analysis-software/) and 
Celera [92] have been well optimized to handle the short reads from NGS data. 
 
 
 
1.7.2 De Bruijn Graph Approach 
De Bruijn graph approach uses k-mer graphs which are useful for a large volume of 
data with repetitive regions and short reads [76, 86].  K-mers are a sequence of 
consecutive length k nucleotides in a DNA sequence, where k is any positive integer 
(Figure 1.8).  
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Figure 1.8 A K-mer is a substring composed of length k nucleotides in a DNA sequence, where k is a 
specified length of the string of nucleotides. The sequence is randomly fragmented into user-specified k-
mer length. In the example shown, a 21 nucleotide sequence is fragmented into k-mers of size k = 3 and k = 
5. A string of length L has (L – k + 1) k-mers. For example the read length in the figure has 19 k-mers and 
17 k-mers when k = 3 and 5 respectively [91].  
 
 
Figure 1.9 Simplified version of the de Bruijn graph construction. A 21 nucleotide genomic sequence is 
fragmented in k-mers of size k=5. K-mers represent nodes in the de Bruijn graph. The Overlaps (edges) of 
length k-1, in this case 4 nucleotides, are used to join the nodes (k-mers) together with the effort of 
reconstructing the original sequence. 
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The nodes are the k-mers of a specified length k contained within the sequencing 
reads [93] and the edges are the overlaps represented by the overlaps of the k-mers, and 
they join k-mers that overlap by k-1 nucleotides (Figure 1.9). If two k-mers are adjacent 
in at least one sequence read, they are connected and form a single path (Figure 1.9) [56, 
76]. During the k-mer alignment process, non-repetitive genomic sequences would form 
a single path through the graph. On the other hand, repetitive genomic sequences would 
form bubbles in the graph (Figure 1.10) which would allow more than one possible 
reconstruction of a path [76]. 
 
 
Figure 1.10 A simple 11 nucleotide sequence as a de Bruijn graph (top line). The bottom line shows the 
same sequence, but now with a SNP, creating a bubble in the graph. 
 
 
Bubbles are diverges and converges of a path that occur due to the presence of 
polymorphism or sequencing errors among the k-mer sequences [86]. 
In summary, the de Bruijn graph begins by breaking the reads into a set of shorter 
segments, which are used in the construction of the graph using the segments as nodes. If 
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two segments are adjacent to one another in the original reads, the segments are 
connected [56]. The paths that pass through the graphs are the potential contigs and they 
are converted to sequences [76]. 
In eukaryotic genomes, the graphs can be very large in size as they would involve 
billions of k-mers [93], and are complex due to the presence of sequencing errors and 
repetitive regions in the reads leading to high usage of computational memory during the 
assembly. However, when compared to the OLC algorithm, de Bruijn approach is 
memory efficient as it does not have the memory intensive pairwise comparison step that 
is time consuming and can exhaust the memory especially if the data has a high read 
depth. Some of the common assemblers that use the de Bruijn graph approach are Velvet 
[86], ABySS [91], CLC-Genomic Workbench (www.clcbio.com), SOAPdenovo [94], 
and ALLPATHS [87]. 
Velvet and SOAPdenovo assemblers are open source software and freely available 
[86, 94]. Both are compiled and run on a UNIX operating system, therefore some basic 
knowledge in programming skills are needed in order to perform an assembly [86, 94, 95]. 
Velvet requires a large amount of physical memory (RAM) and so it is recommended to 
be downloaded on a system with as much physical memory as possible (>12 GB) [86, 95]. 
Alternatively, SOAPdenovo can be run in a system with a minimum of 5 GB physical 
memory especially for small bacterial and fungal genomes, however, for big genomes 
like the human genome, it would require ~150 GB RAM [94]. Both Velvet and 
SOAPdenovo need to be installed and run in a system that has a 64 bit environment. 
Velvet is designed for Illumina and SOLiD reads [86] and is recommended for use in 
assembling small to medium sized genomes. SOAPdenovo is designed specifically for 
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Illumina reads and large genomes [94]. CLC-Genomic Workbench (QIAGEN Inc., 
Valencia, CA, USA) is commercially based software that can be run on both UNIX and 
Windows operating systems. It is also recommended to be installed in a 64 bit 
environment with a minimum of 8 GB RAM. CLC-GWB is mainly for users that lack 
programming skills due to its graphic user interface and can assemble data from common 
sequencing platforms such as Illumina, Roche 454, SOLiD and ion torrent. CLC-GWB is 
relatively costly, and as a commercial product, its source code is not available and cannot 
be modified according to a user’s specific needs (www.clcbio.com). 
A number of organisms (plants, insects, animals, microbes) have had their genomes 
successfully assembled de novo [57, 58, 61, 96, 97]. For example, the giant panda’s 
(Ailuropoda melanoleura) draft genome of ~2.25 Gb was assembled de novo using the 
WGS sequencing strategy. Short reads were sequenced by the Illumina sequencing 
platform and assembled using SOAPdenovo [58]. De novo assembly is not only limited 
to whole genomes, but can also be applied in assembling an organism’s organelles, 
providing useful biological information for cell evolution studies. For example, the 
carrot’s (Daucas carota) mitochondrial draft genome has also been assembled de novo 
using a mix of reads sequenced from the 454 Roche and Illumina platforms and 
assembled by the Newbler assembler [57]. 
 
 
 
1.8 General Pipeline of the Assembly Process 
De novo genome assembly occurs in a multistage pipeline [64]. The general approach 
primarily consists of first filtering the raw reads following quality assessment, followed 
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by subsequent assembling steps. Filtration of raw reads is obtained by following pre-
processing procedures, which aim to reduce the amount of sequencing errors within the 
reads. Since WGS data is error-prone, there are various types of errors that can cause 
problems in the construction of the assembly for different assemblers [98]. The source of 
errors may originate from the sequence library preparation methods, or sequencing 
platform errors where nucleotides are incorrectly called due to poor quality scores thus 
resulting in  overall lower quality assemblies [80, 99]. In order to increase the accuracy 
and completeness of the de novo assembly, it is imperative that the raw reads are ‘cleaned’ 
before downstream analysis. This reduces false positives and ensures that data of high 
quality is used in order to have a greater confidence in the results generated. Filtering low 
quality reads also improves the run-time performance and reduces the amount of memory 
used by the assembler [99]. 
The cleaning or filtering process is done by performing a number of steps normally 
known as quality controls. These steps include trimming sequence reads  with poor 
quality scores, undesirable read lengths, adaptor sequences, ambiguous nucleotides ‘N’ 
and homopolymer reads [80]. Once the quality control step is complete, the reads can be 
used in the assembly process. Studies have shown that it is difficult to produce a good 
assembly with just a single attempt. It is therefore wise not to trust the results of a single 
assembly, but construct several assemblies, if possible, with different assemblers and 
varying parameters with the intention of producing a better assembly after each attempt 
[59, 89, 100]. 
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It is also worth noting that approaches that work well in the genome assembly of one 
species may not necessarily work well for another [89] due to the presence of differences 
in the genomic content of different organisms. Once the pre-processing procedures are 
complete, assembly of the genome can commence. 
 
 
 
1.9 Assembly Evaluation 
The accuracy of a newly assembled genome is difficult to measure and determine 
[76]. There is no easy formula to evaluate an assembly as it cannot be done by examining 
a single metric, therefore the most appropriate method for assessing the quality of an 
assembled genome remains unclear [89]. The use of a reference genome facilitates better 
assembly as well as the capability to assess an assembly. However, in the absence of a 
high-quality reference genome, new assemblies, especially for non-model organisms, are 
challenging to evaluate. Therefore assembly-accuracy metrics that do not depend on the 
presence of aligning to a reference sequence are needed in such situations [80]. The most 
commonly used metrics for evaluation an optimal assembly are the size of the contigs, 
the N50 statistic, estimated genome size, percent of reads mapped, average contig read 
coverage, and the completeness of the assembly [76, 80, 81]. 
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1.9.1 Contiguity of the Assembled Genome 
Once a de novo assembly is produced, a wide range of basic statistics can be 
calculated from the size of the output by analyzing the number of contigs or scaffolds, 
proportion of reads assembled, read depth coverage and the estimated genome size 
assembled [64, 66, 80, 89]. 
 
 
 
1.9.1.1 Contig and Scaffold Sizes 
Contigs and scaffolds are usually evaluated by analyzing their size in terms of their 
lengths [76, 89]. Typically, the set of contigs produced in an assembly are not of uniform 
length; therefore the distribution of the lengths measures the assembly’s contiguity [80]. 
Basic statistical calculations provides the assessment of the contigs in terms of  maximum, 
average, median and minimum lengths in the assembled draft genome; which offer an 
overall picture of how fragmented or contiguous an assembly is. An ideal assembly is 
expected to have one contig for every chromosome of the organism’s genome being 
sequenced. However this is usually not the case as many contigs are usually produced 
due to the presence of contaminants, repetitive sequences, polymorphisms and missing 
data introducing fragmentation in the assembly [66]. Therefore it is often preferred to 
have fewer longer contigs in an assembly [89]. However, these should not be the only 
determining factors as when assessing an assembly [66]. For example, an assembly which 
consists of one large contig of approximately the size of the genome being studied is not 
useful if incorrectly assembled.  
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Alternatively, an assembly consisting of many short contigs could have a very high 
accuracy, but the contigs may be too short to be useful for gene-annotation purposes [79]. 
 
 
 
1.9.1.2 N50 Contig 
The most widely used statistic to describe the contiguity of a genome assembly is the 
N50 statistic [81]. The N50 contig is a weighted median statistic, which is defined as the 
contig length such that half of the de novo assembled genome, lies in blocks of this size 
or larger [64, 89]. It is calculated by first ordering all contigs (or scaffolds) by length 
from largest to smallest, then summing them beginning with the largest, until the sum just 
exceeds 50% of the total length of all the contigs present  [64, 80, 89]. The N50 statistic 
provides a sense of the scale and potential contiguity of an assembly and the longer the 
N50 is, the more accurate the assembly is presumed to be.  
 
 
 
1.9.2 Estimated Genome Size 
It is easier to gauge the correctness of an assembly if an estimated genome size is 
known therefore comparisons between the draft and actual genome, in terms of size, can 
be made. However if a reference genome is lacking, estimates can be made by 
comparisons with a closely related species [101]. Draft genomes can either be larger or 
smaller than the expected genome size. Larger assemblies may represent errors acquired 
during construction but they may also infer that an assembler has successfully resolved 
regions of the genome with high heterozygosity into multiple scaffolds and contigs [89]. 
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Genome assemblies which are significantly shorter than the actual genome size may be 
due to missing repetitive sequences or fewer reads used in the assembly [77, 100]. The 
total estimated genome size is calculated by summing all the contigs in the assembly. The 
sum is then compared to the target genome size, and the optimal assembly should be that 
one that closely matches the actual genome size [89]. 
 
 
 
1.9.3 Percent of Reads Mapped 
The percent of reads mapped onto the assembled contigs indicate how much of the 
sequenced reads were used in the construction of the assembly. Ideally, all of the reads 
should be used in the contig construction step. Therefore an optimal assembly is one that 
has almost, if not all, of the reads mapped back to the contigs [66, 89]. 
 
 
 
1.9.4 Expected Coverage 
The expected coverage of the contigs can be calculated by using the number of reads 
sequenced multiplied by their average length, and the genome size of the organism as 
seen in Equation 1.2: 
 
𝑇𝑜𝑡𝑎𝑙 𝑛𝑜. 𝑜𝑓 𝑟𝑒𝑎𝑑𝑠 𝑢𝑠𝑒𝑑 𝑖𝑛 𝑡ℎ𝑒 𝑎𝑠𝑠𝑒𝑚𝑏𝑙𝑦 (𝑅) ∗  𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑡ℎ𝑒 𝑟𝑒𝑎𝑑𝑠 (𝐿) 
𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑔𝑒𝑛𝑜𝑚𝑒 𝑠𝑖𝑧𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑜𝑟𝑔𝑎𝑛𝑖𝑠𝑚 (𝐺)  
Equation 1.2 Calculation of the expected coverage of the contigs. 
 
 
An optimal assembly is expected to have a uniform average coverage in every contig. 
Regions of high or low coverage are an indicator that the assembly should be further 
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evaluated. Low coverage can introduce gaps in assemblies [76], while extreme 
differences in read depth coverage may indicate a presence of contamination such as 
bacteria, phage, human DNA or the presence of mitochondrial DNA whose coverage 
levels are typically higher than other genomic data in WGS data [102]. 
 
 
 
1.9.5 Completeness of the Assembled Genome 
There are several software programs available to estimate assembly completeness of 
an assembly, and one of them is called CEGMA [84, 89, 103], or core eukaryotic genes 
mapping. CEGMA helps to map and identify a set of highly conserved eukaryotic genes 
(CEGs) that are believed to be present in low copy numbers in higher eukaryotes [84]. It 
provides a complementary means of estimating the completeness and contiguity of an 
assembly and assists to determine the percentage of each of the core eukaryotic genes 
lying on a single scaffold [81]. Additionally, it is a useful tool for predicting the orthologs 
of a set of core genes in newly sequenced genomes which possess little or no annotation 
[103]. CEGMA works by first predicting the core genes using a database of a standard set 
of 248 CEG’s derived from eukaryotic orthologous groups (KOGS) [84, 103]. The 
predicted genes are aligned to a HMMER profile (a software package used for sequence 
analysis to identify homologous protein or nucleotide sequences [104]) built for each of 
the core family gene. If the fraction of alignment exceeds 70% of the protein, it is 
classified as a full-length CEG, if it is less than 70% it is classified as a partial gene [89, 
103]. The 248 CEG’s used in CEGMA are the most highly conserved eukaryotic genes 
and that occur in single copy genes. They are divided into four groups, based on their 
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degree of protein sequence conservation; the least conserved protein sequences are in 
group 1, and the most conserved protein sequences are in group 4 [84, 103]. An assembly 
is fairly complete if it is predicted to contain almost or all of the 248 CEG’s [84, 89, 103]. 
The proportion of CEGs mapped in draft genomes provide a useful metric for describing 
the gene space of a genome [84]. 
An assembly can be termed as satisfactory when judged by one approach, but poor by 
another [64, 89]. Additionally, an assembler performing well in an array of metrics in one 
species is no guarantee that the same metrics will work as well if at all on a different 
species [89]. If there are computational resources available, then a greater number of 
reads are better for a high quality assembly, as it will help in verifying locations of high 
heterozygosity.  
The objective of this study was to reconstruct the genome of P. regina through de 
novo assembly of high-throughput short read sequences using NGS technologies. A draft 
mitochondrial genome was also assembled in the process. The draft genomes assembled 
from this study provide an important resource for analyzing genetic basis of variations 
between and among blow fly species, which will ultimately facilitate ongoing studies in 
various areas of research that utilize blow flies as study models. 
35 
 
 
CHAPTER 2. MATERIALS AND METHODS 
2.1 Genomic DNA Libraries and Illumina Sequencing 
Genomic DNA was extracted from five male and five female flies from a lab colony 
of Phormia regina using the DNeasy Blood and Tissue DNA Extraction kit following the 
manufacturer’s instructions (QIAGEN Inc., Valencia, CA, USA), to prepare two paired-
end (PE) libraries for sequencing. Preparation of the samples and whole genome 
sequencing of the libraries were performed by the Purdue University Genomics Core 
Facility (Purdue University West Lafayette, USA). The overall protocol followed in 
preparing the samples was based on the TruSeq DNA sample preparation guide by 
Illumina (Catalog #PE-940-2001. Part # 15005180 Rev. A, November 2010). The steps 
followed in the preparation stage are listed in Appendix C. Each of the resulting libraries 
(male and female) was barcoded with adapters in order to distinguish the two sets of data. 
Sequencing was then done on the PE libraries using the Illumina HiSeq2000 platform 
(Illumina Inc, San Diego) with a read length of 2 x 100 bp. Only 1 lane was used in 
sequencing, using half the lane for each of the samples. In the end, genomes were 
assembled for the female fly, the male fly, and the combined sexes. 
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2.2 Data Filtering 
2.2.1 Trimming of Adapter Sequences and Low Quality Reads 
The male and female raw reads were pre-processed to eliminate low quality reads. 
Adapter sequences were removed by the sequencing core facility. The quality of the reads 
was analyzed using the software CLC Genomics Workbench (v6.0.5) (www.clcbio.com). 
A quality score limit of 0.01 was selected resulting to the removal of reads with a Phred 
quality score of less than 20. The CLC trimming tool follows the modified-mott trimming 
algorithm, which first converts the quality scores (Q) of all the bases to an error 
probability using Equation 1.1. Low error probability values (Perror) represents high 
quality bases and high Perror values represents low quality bases. For example a base with 
Q = 20 has a Perror of 0.01 while one with Q = 10 has a Perror of 0.1. The trimming tool 
then calculates a new value for every base in a sequence using a user specified 
probability error limit (Plimit), by subtracting the Perror from the user specified (Plimit). This 
newly calculated value is expected to be negative for low quality bases. The final step 
performed is the running sum of the newly calculated values for every consecutive base 
in a sequence. The region of the sequence that is not trimmed is the one that lies between 
the first positive values of the running sum and the highest value of the running sum. 
Everything else before and after this region is then trimmed off. The maximum number 
of ambiguities ‘N’ was set to 2. 
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2.2.2 Duplicate Removal and Merging of Overlapping Pairs of Reads 
Duplicate reads were removed from all the reads using a plug-in tool of the CLC-
GWB. Overlapping pairs of the duplicate-free reads were merged using a software-based 
merging tool (CLCbio). Mismatch cost was set to 2, thus any mismatch present was 
penalized with 2 points. The minimum score required for an alignment to be accepted for 
merging was set to 8 and the gap cost which is the cost for the introduction of an insertion 
or deletion was set to 3. The maximum unaligned end mismatches were set to 0 to avoid 
the possibility of matching poor quality reads that occur at the end of the reads especially 
since the quality of NGS reads often drops. 
 
 
 
2.3 De novo Genome Assembly 
Initial de novo assemblies were carried out by 3 assemblers: CLC-GWB (v6.0.5), 
Velvet (v1.2.03) [86] and SOAPdenovo (v1.05) [85]. Both Velvet and SOAPdenovo 
assemblies were run on Mason, a large memory supercomputer cluster at Indiana 
University (IU) courtesy of the National Center for Genome Analysis Support (NCGAS). 
CLC software was run on a 32 GB RAM, 64-bit local workstation. A total of more than 
21 complete de novo assembly iterations were performed for the male, female and 
combined sexes; with k-mer values ranging from 24 to 60 nucleotides. The parameters 
described for each assembler resulted from the ideal assemblies that were selected for the 
combined sexes based on the optimality criteria described in the introduction. The main 
criteria were the total number of contigs, the N50 size and the maximum contig lengths. 
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2.3.1 Velvet (v1.2.03) 
Optimal k-mer sizes determined for the male was 75 bp, female 75 bp and combined 
sexes 85 bp. Velvet is centered on two programs (velveth and velvetg) and always uses 
them together [86]. Velveth reads the sequence files and builds a dictionary of the user 
specified k-mers defining local alignments between the reads; while Velvetg reads those 
alignments and builds a de Bruijn graph, removing errors in the process while attempting 
to resolve repeats based on user specified parameters [86]. Velvet requires that paired-
end FASTA and FASTQ datasets be merged into a single file before use. The reads 
should be identified as short, long, paired or single end as Velvet handles reads 
depending on their length and pairing. Typically reads longer than 200 bp would be 
marked as long [86]. The P. regina reads were therefore marked as short and paired 
FASTQ reads. The average insert size of the PE reads was set to 350 and the expected 
coverage of the reads was automatically calculated by the program.  
 
 
 
2.3.2  SOAPdenovo (v1.0.5) 
The optimal k-mer size determined for all the three assemblies was 75 bp. 
SOAPdenovo requires a configuration (config) file in addition to the assembly command 
lines [85]. A config file contains a number of parameters which informs the assembler the 
location of the sequence files and other relevant read information such as the length or 
the insert size. 
In the command lines, the command ‘all’ was used which informed the assembler to 
carry out all the assembly subsequent steps starting with graph formation followed by 
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contig construction, read mapping and finally the scaffolding step. The maximum read 
length in the sequence reads was found to be 101 bp and reads detected that were > 101 
bp were cut to this length. The average insert size of the PE reads was set to 350. 
Orientation of the reads was set to 0 to notify the program the PE reads are forward-
reverse oriented and are generated from fragmented DNA ends with insert sizes of less 
than 500bp. The assembly flag parameter was set to 3 to notify the program to use the PE 
reads in both the contig and scaffolding process. The minimum alignment length between 
a read and a contig required for a reliable read location was set to 32. The file format 
used, in this case FASTQ, was indicated by ‘q1’ and ‘q2’ which pointed the assembler to 
the two forward and reverse sequence files composed of paired-end reads. The option to 
resolve repeats using the reads were selected and only contigs ≥ 500bp were saved 
 
 
 
2.3.3 CLC Genomic Workbench (v6.0.5) 
Optimal k-mer sizes for both male and female assembly run was 60 bp, and 45 bp for 
the combined sexes. Reads were mapped back to the contigs following their construction, 
and the option to update the contigs was selected. This meant that the contig regions 
needed to be supported by at least one read mapping back to them for the contig to be 
included in the final output. Contig regions where no reads mapped were removed. A k-
mer size of 45 was elected and all contigs shorter than 500 bp were removed. A paired 
distance range of 180 bp – 580 bp was used in mapping the PE reads. This range 
describes the distance from the beginning of the forward read to the beginning of the 
reverse read and can be automatically detected by the assembler or specified by the user. 
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The average insert size of the PE reads (Figure 3.1) is kept into consideration by the 
assembler when detecting the paired distance range. The cost of a mismatch between the 
reads mapped back and the reference contig was set to 2, while the cost of having an 
insertion and gaps present in the read was set to 3 for both options. A minimum length 
fraction of 0.5 was selected, where half of the read needed to match with the reference 
sequence to be included in the final mapping. The similarity fraction relates to the length 
fraction and it was set to 0.8. In this case, at least 50% of the read must have had at least 
80% identity to be included in the mapping. 
All subsequent de novo assembly runs executed by CLC-GWB employed similar 
parameters, with changes occurring only on the word size (k-mer), and similarity fraction. 
 
 
 
2.4 Mitochondrial Genome Assembly 
2.4.1 Mapping Parameters 
Pooled male and female P. regina reads were mapped onto the mitochondrial 
genomes of seven different blow fly species downloaded from GenBank (NCBI: 
www.ncbi.nlm.nih.gov). These were: Cochliomyia hominivorax (NC_002660), 
Protophormia terraenovae (NC_019636.1), Chrysomya albiceps (NC_019631.1), 
Chrysomya bezziana (NC_019632.1), Chrysomya rufifacies (NC_019634.1), Chrysomya 
megacephala (NC_019633.1), Lucilia sericata (NC_009733) and Lucilia cuprina 
(NC_019573.1). All the genomes were used as reference sequences in the mapping. 
Mapping was performed by the CLC read mapping tool and local alignment was used as 
it allows the ends of the reads to be left unaligned especially in the presence of many 
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mismatches between the reads and the reference. Reads that align equally well to multiple 
places in the contigs (non-specific reads) were ignored. The remaining parameters 
utilized the following values: mismatch cost = 2, insertion cost = 3, deletion cost = 3, 
length fraction = 0.5 and similarity fraction = 0.9. 
 
 
 
2.4.2 Consensus Extraction 
Consensus sequences from the mappings were extracted using CLCbio’s extract 
consensus tool. Default values were used in the parameters. A low coverage threshold of 
0 was selected, where low coverage is defined as no coverage. Therefore if only one read 
covers a region in the alignment, only that read will determine the consensus sequence. 
The ambiguity symbol ‘N’ was inserted for every base position in the low coverage 
regions. Conflicts (mismatches) between the reads were handled by inserting IUPAC 
nucleic acid codes for ambiguous nucleotides. The default value of the noise threshold 
used was 0.1, which means that for a base to contribute to the ambiguity code it must be 
in at least 10% of the reads at a given position. A minimum nucleotide count of 1 was 
used, which specifies the minimum number of reads required before a nucleotide is 
included in the consensus. 
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2.4.3 De novo Assembly Parameters 
The reads that mapped to each of the seven mitochondrial genomes were extracted 
and assembled via CLC-GWB (v7.0.3). The parameter values were similar to the de novo 
assembly described in Section 2.3.3, with the exception of the bubble size which was 
detected automatically by the assembler to be 50 and the similarity fraction set to 0.9. 
 
 
 
2.5 Contaminant Removal 
A total of 1405 phage genomes were downloaded from the phage annotation tools 
and method website (www.phantome.org), and 595 bacterial genomes were downloaded 
from GenBank (NCBI: www.ncbi.nlm.nih). P. regina reads (male and female) were 
mapped to each set of genomes separately, retaining the unmapped reads to be used in 
subsequent steps. Reads were first mapped to the phage genomes, then to the bacterial 
genomes. This was conducted in CLC-GWB (v7.0.3). The same protocol as described in 
Section 2.4.1 was used for both mappings but in this case the references were the 
bacterial and phage genomes. 
 
 
 
2.6 De novo Assembly of the Refined Draft Genome 
The mitochondrial and contaminant free reads were used to build the contig and 
scaffold sequences of the refined version of the combined sexes draft genome. 
Approximately 313,000 additional longer P. regina reads of average size 344 bp from the 
454 sequencing platform were used as guidance only reads to help resolve ambiguities in 
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the graph and assist in the scaffolding step. These reads were kindly shared to us by one 
of our collaborators Dr. David Ray of Mississippi State University, USA.  
Contig construction and read mapping were performed in two separate steps. In the 
contig construction step, the minimum contig length was set to 500 bp and a k-mer size 
of 42 was used. Read mapping was performed using the same protocol as in Section 2.4.1 
using the contigs as the reference sequences to be mapped on. An insert range of 180 bp – 
600 bp was used in the mapping the PE reads. 
 
 
 
2.7 Draft Genome Completeness Assessment 
CEGMA (v2.4.010312) [103] was used to assess the completeness of the draft 
genome. It uses a combination of a number of programs to detect core eukaryotic genes 
in the draft genome. The main programs used in this version were GeneWise (v2.4.1), 
NCBI-BLAST+ (v2.2.28), and geneid (v1.4.4). CEGMA was installed and run on IU’s 
primary Linux cluster Quarry.  
The output includes a list of files which contains the DNA sequence of each CEGMA 
prediction, protein sequences of the predicted CEG’s, exon details of all the predicted 
genes, KOG IDs for the selected proteins, and the statistical report of the findings that 
indicate the percent of complete and partial predicted CEG’s present. 
 
 
 
2.8 Gene Prediction 
Gene prediction was conducted by the program AUGUSTUS (v2.5.5) [105], which is 
a software tool used for ab initio gene prediction in eukaryotic genomic sequences. The 
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user selects a species-specific parameter set to be used in the prediction process.  
AUGUSTUS can be trained and its model parameters (e.g. splice window sizes, coding 
regions, non-coding regions, exonic and intergenic regions e.t.c) estimated using 
sequences of already known genes from organisms that have annotated genes or genomes 
available.  It therefore contains a database of annotated genomes of organisms whose 
parameters are already trained with it. It is recommended that a user selects the database 
which is the closest relative to their study organism when performing gene prediction on 
their data. Since P. regina is a non-model organism, D. melanogaster was chosen, and 
despite being distantly related to P. regina, it has a well-studied and annotated genome. 
Results were exported in text format consisting of exon, intron, transcript and gene 
boundaries in the general feature format (GFF), which is a file that is usually used for 
describing genes and other features of DNA, RNA and protein sequences. It includes 
information on the exact location of the predicted genes in the contigs that they were 
predicted from. Amino acid sequences of the predicted genes are also included in the 
same text file. Gene prediction was conducted twice, one with the option of predicting 
any number of genes possibly partial genes and the other one full ‘complete’ genes. 
The predicted amino acid sequences were extracted from the GFF files using a 
programming script, saved in fasta format and blasted using BlastP (v2.2.28+) in 
GenBank via Galaxy (an open source web-based platform for NGS data analysis) [106, 
107] . The database used was the non-redundant (NR) protein blast database and an E-
value cutoff of >1e-3 was selected. 
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2.9 Gene Ontology and Functional Annotation 
Functional categorization of the blasted proteins based on the NR annotation was 
conducted using Gene Ontology (GO) via Blast2GO (v2.7.1) [92], a tool for functional 
annotation and analysis. GO is a standardized functional annotation schema for gene and 
protein sequences, and is used in nearly all public databases [92, 93]. Blast2GO identifies 
similar sequences in blast results, maps the homologous sequences to GO terms [92-94] 
and adds a functional annotation to them. It enables GO data mining on sequence data 
that has no GO annotation available [92] and can assign multiple terms to the same gene, 
as one gene can be classified in different categories. 
The resulting blast files were sorted and categorized according to their functional 
groups (molecular, cellular and biological processes) with an e-value threshold of less 
than 1e-3. 
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CHAPTER 3. RESULTS AND DISCUSSIONS 
3.1 Sample Selection and Sequencing 
Whole genome sequencing was performed on extracted DNA of five male and five 
female Phormia regina flies. Pooled sequencing was performed on each sample using 
Illumina HiSeq2000 sequencing platform by the Purdue University genomics core facility. 
Sequencing was done with the aim of producing paired-end (PE) reads with an average 
read length of 100 bp and 25X coverage for both sexes. The inserts of the PE reads had 
an average size of approximately 320 bp and 300 bp for the females and males 
respectively shown by the peaks of the graphs in Figure 3.1.  
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Figure 3.1 A representation of the range of insert sizes for the female and male P. regina sequenced reads.  
 
 
A total of more than 530 million high quality paired-end raw reads from both samples 
were produced, the female with ~269 million raw reads, and the male with ~261 million 
raw reads (Table 3.1). 
 
Table 3.1 Summary statistics of the male and female sequenced reads. Raw reads are the reads directly 
from the sequencer. Reads with a Phred quality score of <20 were trimmed. 
 
SEX RAW READS QUALITY AND ADAPTER CLIPPED READS 
 Single 
Reads 
Bases (bp) Max 
Length 
(bp) 
Single  
Reads 
Bases (bp) Min 
length 
(bp) 
Mean 
Length 
(bp) 
Max 
Length 
(bp) 
Male 261,906,090 26,452,515,090 101 255,233,928 25,408,514,873 30 99 101 
Female 269,473,502 27,216,823,702 101 262,812,488 26,172,503,447 30 99 101 
48 
 
 
3.2 Quality Control  
Quality control was performed on the raw reads prior to assembly. Included was the 
trimming of low quality reads, merging of overlapping pairs of reads and the removal of 
duplicate reads. These steps need to be employed to ensure that high quality sequences 
are assembled [74, 108] to increase the accuracy of the assemblies. The quality controls 
in this study were performed on CLC-GWB (v6.0.1) (www.clcbio.com). Approximately 
4.5% of the female sequenced reads and 4.7% of the male reads, were discarded after the 
pre-processing steps, leaving a total of slightly over 260 million reads and 253 million 
reads for the female and male flies, respectively. 
 
 
 
3.2.1 Low Quality Read Trimming 
Reads with a mean Phred quality score of less than 20 were trimmed (Figure 3.2), 
which resulted in the remaining base calls to have a probability of 99% or greater of 
being correct (see Table 1.1). The average Phred score of the remaining reads was ~38. 
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Figure 3.2 Phred Score Distribution. The graph shows the distribution of the average Phred scores 
following the removal of low quality sequences (Phred score < 20).  
 
 
3.2.2 Duplicate Read Removal  
Duplicate reads are identical reads that are present in the data more than once. 
Removal of duplicate reads aids in the reduction of raw data used in the assembly by 
including a single copy of the duplicated sequences. The software-based (CLCbio) 
duplicate removal tool attempts to remove only the identical reads that come from PCR 
amplification errors and not reads that are a result of high coverage. The software targets 
neighboring reads that start at the same position and are in the same orientation. Reads 
are marked as duplicates using the following criteria: (i) if they share a common sequence 
of at least 10 bases in the beginning of the read and at any of four other randomly 
selected regions distributed across the read and; (ii) if the rest of the read has a > 80% 
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alignment score. In PE reads, if both parts of the pair share the same sequence, they are 
marked as duplicates, and only one copy of the pair is left in the read set for assembly. 
A small percentage of duplicates were detected in the sequenced reads, with the 
female having 0.7% of duplicates and the males 0.59% (Table 3.2). 
 
Table 3.2 Removal of duplicate reads. Less than 1% of the reads were detected as duplicates, leaving more 
than 99% of the reads for subsequent assembly steps. 
SEX INPUT READS 
# DUPLICATES 
READS 
REMAINING 
READS 
DUPLICATE 
READ  % 
REMAINING 
% 
Female 262,812,488 1,848,922 260,963,566 0.70 99.30 
Male 255,233,928 1,506,316 253,727,612 0.59 99.41 
 
 
3.2.3 Merging of Overlapping Reads 
Overlapping pairs of reads can be merged into a single sequence read which creates 
longer and higher quality reads; this is beneficial to the assembly process yielding more 
contiguous assemblies [80]. The software program aligned a set of two reads by using 
user-specified alignment scores. Since errors are expected in sequencing reads, the 
alignment is not expected to be perfect, and therefore, the user decides the acceptable 
number of errors that should be allowed. It is also critical to ensure that the length of the 
overlap is large enough to avoid the likelihood of matching by chance due to only a few 
bases overlapping. 
Approximately 5% of reads from either sex were merged (Table 3.3). These resulted 
in more than 26 million reads longer than the original 100 bp reads, with a mean length of 
~180 bp. 
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Table 3.3 Merged reads. Percentage of the merged pairs for male and female reads.  
 FEMALE MALE 
 No. of Reads Percentage No. of Reads Percentage 
Merged 13,313,916 5.10% 13,505,360 5.32% 
Not Merged 247,649,650 94.90% 240,222,252 94.68% 
Total 260,963,566 100% 253,727,612 100% 
 
 
3.3 De novo Genome Assembly 
3.3.1 Assembly Software Comparisons 
De novo genome assembly was carried out using three different assemblers: CLC-
GWB (v7.0.3) (QIAGEN Inc., Valencia, CA, USA), Velvet (v1.2.03) [86] and 
SOAPdenovo (v1.05) [85]. This was done to assist in the selection of the optimal 
assembler that would be used for the reconstruction and refinement of the draft genome 
later [89]. 
De novo assemblies were run on the male and female reads separately, and then on 
the pooled reads of both sexes, creating three draft genomes. All three assemblers use the 
de Bruijn approach in constructing the assembly, therefore, various k-mer sizes were used 
to conduct several runs of assemblies, ranging from 24 bp to 90 bp. Assemblies from 
each software program were ranked based on a select set of metrics (Table 3.4). Ideally, 
the optimal assembly has the fewest number contigs (generally resulting in longer contig 
sizes), larger N50’s, and the majority of the reads are used in the draft genome assembly. 
Using these data, the genome size can be estimated from the assembled draft genome and 
the closer to the known genome size. For P. regina, the known genome sizes is 529 Mbp 
for females and 517 Mbp for males [109]. 
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Table 3.4 Comparative draft genome assemblies.  Results of the draft genome assemblies of female, male 
and combined sexes using CLC-GWB, Velvet and SOAPdenovo.  
FEMALE CLC-GWB VELVET SOAPdenovo 
Kmer Size (bp) 60 75 75 
No. of Contigs 286,936 317,916 1,953,762 
N50 (bp) 2,918 1,095 451 
Max Contig (bp) 70,568 49,370 49,698 
% Reads Used 94.8% 47.0% 68.8% 
Estimated 
Genome Size ~530 Mbp ~550 Mbp ~556 Mbp 
MALE CLC-GWB VELVET SOAPdenovo 
Kmer Size (bp) 60 75 75 
No. of Contigs 339,679 310,045 2,010,365 
N50 (bp) 2,076 956 351 
Max Contig (bp) 71,264 25,508 28,012 
% Reads Used 92.4% 37.9% 58.6% 
Estimated 
Genome Size ~512 Mbp ~488 Mbp ~497 Mbp 
COMBINED CLC-GWB VELVET SOAPdenovo 
Kmer Size (bp) 45 85 75 
No. of Contigs 385,512 266,759 4,380,801 
N50 (bp) 1,841 1,658 283 
Max Contig (bp) 48,059 66,334 38,640 
% Reads Used 91.3% 41.1% 73.2% 
Estimated 
Genome Size ~559 Mbp ~492 Mbp ~821 Mbp 
 
 
Overall, CLC-GWB produced better assemblies than Velvet or SOAPdenovo.  CLC-
GWB produced assemblies with longer contigs and used the majority of the reads in the 
assembly. It should be noted in some cases Velvet produced a smaller number of contigs 
(see Table 3.4), but this is likely due to the fact that a smaller percentage of reads were 
used in the construction of the assembly, thus it would be expected that there would be an 
overall decrease in the number of contigs. Therefore, CLC-GWB was selected as the 
assembler of choice to produce optimized assemblies for further downstream analysis in 
this study. 
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3.4 Contaminant Removal 
It is common to expect a level of contamination or a presence of extraneous DNA 
from sequenced genomic eukaryotic DNA, especially from bacteria [110]. Bacterial 
contamination is especially prevalent in de novo sequencing as all organisms on earth 
harbor these prokaryotes, whether on the surface, or more like, internally. In addition, 
though rare, contamination can be introduced during the library preparation and 
sequencing process. The presence of DNA samples from other organisms can affect the 
target assembly by adding to genome mis-assembly and the reduction of the overall 
quality of the assembly [110]. Since blow flies are attracted to decomposing material, and 
their larvae act as scavengers for carrion, it is expected to observe a percentage of 
bacterial DNA sequence reads. 
Prior to assembly, reads were pooled and mapped to a set of complete genomes of 
bacteriophage and bacteria. A total of 1405 phage genomes were downloaded to create a 
local search database from the phage annotation tools and methods website 
(www.phantome.org); while a total of 595 bacterial genomes were downloaded from 
GenBank (NCBI: www.ncbi.nlm.nih.gov). Approximately 1.8 million reads (0.38% 
quality trimmed reads) mapped to the phage genomes, and 2.3 million reads (0.49% of 
the reads) mapped to the bacterial genomes (Table 3.5). All of these reads were removed 
from the pooled reads. 
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Table 3.5 Mapping Summary Statistics. Summary statistics for bacteria and bacteriophage genome 
mapping using quality-filtered reads. 
MAPPING SUMMARY STATISTICS 
 Bacteriophage Bacteria 
Count %Reads Count %Reads 
Reference Genomes 1,405 - 595 - 
Mapped Reads 1,819,343 0.38% 2,311,444 0.49% 
Unmapped Reads 477,037,631 99.62% 472,413,418 99.51% 
 
 
3.5 Mitochondrion Assembly 
Mitochondrial reads were extracted by mapping all the reads (male and female, 
trimmed by quality and bacterial and bacteriophage reads removed) to published 
complete mitochondrion genomes of 7 different blow fly species downloaded from 
GenBank (NCBI: www.ncbi.nlm.nih.gov). These species were: Cochliomyia hominivorax 
(NC_002660), Protophormia terraenovae (NC_019636.1), Chrysomya albiceps 
(NC_019631.1), Chrysomya bezziana (NC_019632.1), Chrysomya rufifacies 
(NC_019634.1), Chrysomya megacephala (NC_019633.1), Lucilia sericata (NC_009733) 
and Lucilia cuprina (NC_019573.1). Of the 474 million reads, ~8 million reads mapped 
to the seven mitochondrial genomes (Table 3.6) with the greatest homology to Co. 
hominivorax. It is possible that not all of P.regina’s mitochondrial reads were extracted 
from the total pooled male and female reads especially if the reads are specific to 
P.regina mitochondrial genome. 
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Table 3.6 Mitochondrial read mapping statistics. Summary of the distribution of the read mappings to the 
mitochondrial genomes of 7 blow fly species  
REFERENCES #MAPPED READS 
Co. hominivorax 7,437,554 
Pr. Terraenovae 89,318 
Ch. albiceps 165,212 
L. sericata 492,813 
L. cuprina 43,397 
Ch. bezziana 37,038 
Ch. rufifacies 27,964 
Ch. megacephala 85,119 
TOTAL READS MAPPED 8,378,415 
 
 
The reads that mapped were then extracted and analyzed. The P. regina mitochondria 
was A-T rich (as expected, Table 3.8) at 76% of the nucleotide distributions (compared to 
Co. hominivorax, at 77%) [111]. 
The reads were then re-mapped to each of the mitochondrial genomes separately, in 
what is called assisted assembly, to assess what percentage that would map back, and 
extract a consensus sequence [112]. Co. hominivorax mitochondrion genome had the 
highest percentage (89%) reads mapped back (Table 3.7). The consensus sequence of the 
draft P. regina’s mitochondrion genome extracted from each mapping had a range of 
15,194 bp to 16,045 bp, which is within expected size of average mitochondrial genome 
sizes of the Animalia kingdom of ~ 16,000 bp. 
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Table 3.7 Extracted mitochondrial read mappings. Summary of extracted P. regina mitochondrial reads 
mapped back to the 7 mitochondrial genomes 
 MAPPED 
READS 
% READS 
MAPPED 
% READS 
UNMAPPED 
REFERENCE 
GENOME 
LENGTH (bp) 
CONSENSUS 
LENGTH 
(bp) 
Co.hominivorax 7,437,452 88.77% 11.23% 16,022 16,045 
Pr.terraenovae 6,993,763 83.47% 16.53% 15,170 15,194 
Ch.albiceps 7,327,873 87.46% 12.54% 15,491 15,531 
L.sericata 7,390,713 88.21% 11.79% 15,945 15,981 
L.cuprina 7,391,554 88.22% 11.78% 15,952 15,979 
Ch.bezziana 6,766,391 80.76% 19.24% 15,236 15,234 
Ch.rufifacies 6,743,364 80.48% 19.52% 15,412 15,450 
Ch.megacephala 7,350,401 87.73% 12.27% 15,273 15,289 
 
 
De novo assembly of the extracted mtDNA was performed on CLC-GWB (v.7.0.3) 
for comparison purposes with the alignment results from the reference mapping. A k-mer 
size of 22 bp was used in the assembly. This assembly was A-T rich with a percentage 
summing up to 75% (Table 3.8). 
 
Table 3.8 Mitochondrial nucleotide distribution. The de novo assembled mitochondrial genome of P.regina  
NUCLEOTIDE COUNT (bp) FREQUENCY 
Adenine (A) 6,074 37.00% 
Cytosine (C) 1,573 9.60% 
Guanine (G) 2,224 13.50% 
Thymine (T) 6,295 38.30% 
Any Nucleotide (N) 257 1.60% 
 
 
The assembly was composed of 2 scaffolded contigs, which were created from 93% 
of the reads (Table 3.9). The assembly had an N50 contig size of 15,795 bp long, and an 
estimated genome size of 16,423 bp (Table 3.9), which is within the range of the blow fly 
mitochondrial genomes [111]. The complete nucleotide sequence of the contigs can be 
found in Appendix A. 
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Table 3.9 Mitochondrial de novo assembly summary statistics. Summary statistics of the de novo assembly 
of P. regina’s mitochondrial genome  
DE NOVO ASSEMBLY STATISTICS 
Total Reads 8,378,415  
Mapped Reads 
7,813,492 
(93.26%) 
Unmapped Reads 
564,923  
(6.74%) 
Contig Count 2 
Contig #1 628 bp 
Contig #2 15,795 bp 
Estimated Genome 
Size 
16,423 bp 
 
 
The extracted sequence of P. regina mitochondrial genome can be used as a source of 
sequence information for general Diptera molecular and evolutionary approaches and it 
can aid in primer selection of specific mitochondrial DNA regions and phylogenetic 
studies to assist in understanding dipteran evolution [111, 113]. 
 
 
 
3.6 Analysis of the Optimal Combined Sexes Draft Genome 
3.6.1  De novo Genome Assembly  
The remaining reads following quality trimming, and removal of mitochondrial, 
bacterial and phage containing reads totaled to approximately 470 million reads. De novo 
assembly was done using CLC-GWB (v7.0.3). Out of the range of k-mer sizes initially 
tested (24 -60 bp), 45 bp was selected as the optimal k-mer size for this data. The genome 
was predominantly A-T rich, with a combined percentage at 71%, as is expected in insect 
genomes (Table 3.10) [111, 114-117]. 
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Table 3.10 Nucleotide distribution of the assembled P. regina draft genome. 
NUCLEOTIDE COUNT (bp) FREQUENCY 
Adenine (A) 211,314,974 35.60% 
Cytosine (C) 78,366,055 13.20% 
Guanine (G) 78,359,402 13.20% 
Thymine (T) 211,095,592 35.60% 
Any Nucleotide (N) 13,613,946 2.30% 
 
 
Removing mitochondrial, bacterial and bacteriophage sequence reads improved the 
overall assembly (compared to draft genome assembled in Table 3.4) where the N50 
contig size increased from 1,841 bp to 2,488 bp, and the maximum contig size increased 
from 48,059 bp to 121,695 bp (Table 3.11).  
Additionally, the number of contigs reduced by approximately 6% with 41,374 fewer 
contigs, suggesting that this assembly is more complete and contiguous [64]. 
 
Table 3.11 Comparison between the new draft assembly (assembled with the filtered reads – i.e. bacterial, 
phage and mitochondrial reads removed) and previous draft assembly (assembled using original unfiltered 
set of reads). A notable improvement in the overall contiguity is observed in the new assembly. 
DE NOVO METRIC COMPARISON  
Assembly  Statistics New Assembly Previous Assembly 
N75 1,192 bp 994 bp 
N50 2,488 bp 1,841 bp 
N25 5,304 bp 3,606 bp 
Minimum 500 bp 426 bp 
Maximum 121,695 bp 48,059 bp 
Average 1,722 bp 1,450 bp 
Estimated Genome Size 592,749,969 bp 559,135,440 bp 
Contig Count 344,138 contigs 385,512 contigs 
 
 
3.6.2 Assembly Evaluation and Refinement 
Additional 313,000 reads (average length 344 bp) sequenced by the 454 sequencing 
platform, were used to aid in contig scaffolding. The reads were courteously provided to 
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us by one of our collaborators, Dr. David Ray, from Mississippi State Univ. The reads 
refined the assembly by reducing the number of ambiguous nucleotides (N), from 2.3% 
to 0.6%. This suggests the longer reads assisted in filling in the gaps that were present in 
the first set of contigs improving the overall contiguity of the assembly (Table 3.12). 
 
Table 3.12 Nucleotide distribution of the refined assembly 
NUCLEOTIDE COUNT (bp) FREQUENCY 
Adenine (A) 189,569,676 36.2% 
Cytosine (C) 70,947,935 13.5% 
Guanine (G) 70,963,795 13.5% 
Thymine (T) 189,366,729 36.1% 
Any Nucleotide (N) 3,293,153 0.6% 
 
 
The number of contigs reduced 45% from an initial count of 344,138 to 131,111 
(Table 3.13), and 94% are greater than 1000 bp long. Contig sizes ranged from 500 bp – 
121,969 bp (Figure 3.3), with the N50 length increasing from 2,488bp to 5,267 bp. The 
estimated genome size improved from 592 Mbp (new assembly, Table 3.11) to 524 Mbp, 
which is near the calculated average estimated genome size of ~523 Mbp (Table 3.13) 
[109]. 
 
Table 3.13 De novo assembly statistics. A summary of the statistics of the refined assembly constructed 
using guidance from a set of longer reads. 
DE NOVO ASSEMBLY STATISTICS 
N75 3,097 bp 
N50 5,267 bp 
N25 9,055 bp 
Minimum 500 bp 
Maximum 121,696 bp 
Average 3,998 bp 
# Contigs 131,111 
Total Size 524,141,288 bp 
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Evaluating this new version of the draft genome in terms of contiguity by looking at 
the length of the contigs and the N50, we can assume that the longer reads from the 454 
sequencer, assisted in improving the overall state of the draft genome. 
 
 
Figure 3.3 Contig length distribution of the refined P. regina draft genome. More than 94% of the contigs 
having a length greater than 1000 bp. 
 
 
In order to further assess the quality of the scaffolds, the reads were mapped back to the 
contigs (Table 3.14). 
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Table 3.14. Read mapping statistics. Summary statistics of mapping the PE reads back to the assembled 
contigs.  
MAPPING STATISTICS 
References (Contigs) 131,111 
Total Reads 470,236,292 reads 
Mapped Reads 391,097,987 reads 
(83.17%) 
Unmapped Reads 79,138,985 reads 
(16.83%) 
 
 
Approximately 83% (Table 3.14) of the PE reads mapped back with average read depth 
coverage per base of 76X (Figure 3.4).  An ideal assembly is expected to have a uniform 
read coverage distribution as each contig should have roughly the same number of reads 
aligned to it. However in Figure 3.4, the distribution of read coverage of the draft 
assembly portrays a roughly log normal distribution due to the uneven distribution of the 
read coverage within the contigs, with a majority of the contigs having an average 
coverage of the expected ~76X.  
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Figure 3.4 Contig coverage distribution. Average read depth coverage (X) of the assembled contigs was 
determined to be 76X. 
 
 
3.6.3 Quality Evaluation of the Assembled Genome  
The draft genome was evaluated using CEGMA (v2.4.010312), which is a useful tool 
for predicting orthologs of a set of core genes in newly sequenced genomes that have 
little or no annotation [103]. An ideal draft assembly is expected to have all of the 248 
core eukaryotic genes (CEGs), therefore the greater the number of genes detected, the 
better [84, 89, 103]. The draft genome was found to contain ‘complete’ copies (>70% 
alignment length with core proteins) of 229 (92.34%) of the 248 CEG’s, with 244 
(98.39%) of them partially represented (<70% alignment) (Table 3.15). The ‘complete’ 
predicted genes share a 77.29% orthology and the partial 87.3% with the CEG’s 
suggesting that there is a level of conservation between the predicted genes and other 
eukaryotic genes. A complete list of the eukaryotic orthologous groups (KOGs) detected 
in the draft genome can be found in Appendix B. 
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Table 3.15 Statistics of the draft genome’s completeness based on 248 CEGs. Results are based on the set 
of genes selected by Genis Parra [103]. Prots = number of 248 ultra-conserved CEGs present in 
genome, %Completeness = percentage of 248 ultra-conserved CEGs present, %Ortho = percentage of 
detected CEGS that have more than 1 ortholog. 
  #PROTS %COMPLETENESS %ORTHO 
Complete 229 92.34 77.29 
Partial  244 98.39 87.3 
 
 
3.6.4 Gene Prediction 
AUGUSTUS (v2.5.5) predicted 11,037 complete genes and 12,182 partial genes, 
where a partial gene is described as an incomplete gene which does not have all of its 
exons contained in the input sequence [105]. This is fewer than the number of genes 
predicted in other insect genomes such as D. melanogaster and Anopheles gambiae, 
which have 13,600 and 14,000 genes, respectively [59, 118, 119]. This could be due to 
the large evolutionary distance between D. melanogaster and P. regina. The longest gene 
in the list was 10,602 amino acids while the shortest one had 66 amino acids.  
 
 
 
3.6.5 Gene Ontology and Annotation  
The list of predicted proteins was blasted using BlastP (v2.2.28+) [106, 107]  against 
the NR (non-redundant) protein database from GenBank (www.ncbi.nlm.nih.gov), using 
a minimum e-value of 1e-3. Of the 11,037 predicted genes, 87% (9,611) were 
successfully blasted returning a hit from the NR protein database.  
The e-value distribution for the top hits show that approximately 93% of the predicted 
genes had an e-value of less than 1e-10 with approximately 74% having an e-value of 1e-
180 (Figure 3.5). This suggests that the original genome assemblies produced viable 
protein sequences. 
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Figure 3.5 E-value distribution of the BlastP results against the NR GenBank protein database. 
The e-value was set at a minimum of 1e-3. 
 
 
In blast results, generally, the best match (top hit) is the best estimate of the species 
identity. The top hit species distribution shows that more than 4,500 of the top hits had 
sequences similar to proteins from Musca domestica, also known as the common house 
fly, which is more closely related to P. regina than D. melanogaster (Figure 3.6) and has 
recently had its genome sequenced. 
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Figure 3.6 Top-hit species distribution of the BlastP results. The list shows the different species distribution 
of the top blast hits. The top hit was dominated by Musca domestica, the common house fly. 
 
 
 
There are three categories of GO, namely biological processes, molecular function 
and cellular components, which are all attributes of genes and gene products [120]. 
Biological processes refer to a biological objective to which the gene or gene product 
contributes accomplished by ordered assemblies of molecular function (e.g. mitosis). 
Molecular function is defined as the biochemical activity or tasks performed by 
individual gene products at the molecular level (e.g. DNA helicase). Cellular components 
refer to the place in the cell where a gene product is active such as subcellular structures 
and locations (e.g. nucleus) [120-122]. 
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Filtering can be applied to the annotated blast results in Blast2GO (a tool for 
functional annotation and analysis) by setting a user-specified annotation weight score 
(sequence abundance) in order to obtain a representative summary of the annotation [121] 
which can be visualized in pie charts or bar graphs. For example, if the sequence filter 
value is set to 5, it will report the annotations with >5 sequence alignments [121]. 
The distribution of the mapped and annotated sequences is shown in Figure 3.7. Of 
the 9,611 blasted protein sequences, 7,472 (~78%) were annotated with GO terms. 
Approximately 1,300 of the genes (without blast hits) did not match the BlastP NR 
protein database. 
 
 
Figure 3.7 Data distribution of the mapped and annotated sequences 
 
 
67 
 
 
The assigned GO terms to the BlastP results were summarized into the three gene 
attributes (molecular, cellular and biological). The score filters were set to 5 for each of 
the three attributes. 
A total of 2599 GO terms were categorized under the molecular function category. 
ATP and zinc ion binding molecular functions dominated with a total of 622 and 291 GO 
terms respectively (Figure 3.8). 
 
 
Figure 3.8 Molecular function sequence distribution of the Gene Ontology (GO). The molecular function of 
the identified proteins in the BlastP results, selected with a sequence cutoff score of 5. The numbers in 
parenthesis represents the number of protein sequences included in each term. 
 
 
A total of 1204 GO terms were categorized under the cellular components category 
(Figure 3.9). The identified proteins were predicted to cover some of the main organelles 
in the cell, of which the nucleolus had the most GO terms assigned (390 GO terms). 
68 
 
 
 
Figure 3.9 Cellular component sequence distribution of the gene ontology (GO). Annotation of the 
identified proteins from the BlastP results, selected with a cutoff score of 5. The numbers in parenthesis 
represents the protein sequences included in each term. 
 
 
Out of all the three gene attributes, biological processes had the most number of GO 
terms assigned to it, a total of 9339. Of the predicted genes, most were mainly assigned to 
organ development (1,564) and anatomical structure morphogenesis (1,698) (Figure 3.10). 
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Figure 3.10 Biological process sequence distribution of the gene ontology (GO). Annotation of the 
identified proteins from the BlastP results, selected with a cutoff score of 5. The numbers in parenthesis 
represents the protein sequences included in each term. 
 
 
A comparison of all three gene attributes (Figure 3.11) reveal that the GO annotated 
genes mainly represented biological processes, as seen by the number of sequences 
represented in each of the terms in Figure 3.10. These findings reveal that the main GO 
classifications obtained from the results are responsible for fundamental biological 
regulation and metabolism. 
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Figure 3.11 GO-level distribution. P = biological processes (green bars); F = molecular function (blue bars); 
C = cellular component (orange bars). The three categories are sub divided into levels, from level 2 to level 
15 that determine coverage and specificity [122]. These levels correspond to the depth of the classifications 
with the higher levels being more general and the lower ones being more specific. The GO-level 
distribution of the results shows that in all of the 15 GO-levels, many of the GO annotated genes 
represented biological processes, indicated by the green bars. 
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CHAPTER 4. CONCLUSION AND FUTURE STUDIES 
This study has succeeded to provide the first draft genome of P. regina using a 
combination of high quality paired-end reads sequenced by the Illumina HiSeq2000 
sequencing platform supplemented with longer reads from the Roche 454 sequencing 
platform. Assessment of the draft genome reveals that it is approximately 524 Mbp in 
size and ~92% of the core eukaryotic genes have been detected suggesting it is a 
relatively complete genome. Although it is probable not all genes in P. regina’s genome 
were detected, the 11,037 genes predicted will serve as a starting point for further 
annotation of the genome. 
Further studies on the draft genome will facilitate the extraction of genetic markers 
such as transposable elements (TEs), microsatellites and SNPs. These markers will 
enhance the study of genetic variation between blow fly populations and species. In 
addition, the detection of TEs in the P. regina draft genome will boost the study of gene 
regulation and evolution in blow flies. The completion of the mitochondrial genome 
assembly will be an additional source of information for phylogenetic and evolutionary 
studies of blow fly species. 
72 
 
 
Completion and refinement of the male and female draft genomes by annotation and 
genome comparison studies will be of great importance as it will enhance the study of sex 
determining genes, which will enable the determination of mechanisms that govern 
sexual determination in blow fly species. Since studies have shown that blow flies exhibit 
variable developmental rates due to various factors such as temperature, available food 
sources and geographical location; the detection and analysis of developmental genes will 
be of great value, especially to developmental and forensic studies. The study of these 
genes will enable the detection of markers that would characterize and categorize 
different developmental stages especially in the larval and pupae phases.  
Much remains to be done with the draft genome; however, the presence of this first 
draft will be of great importance in blow fly and other studies. It will act as a source of 
reliable genomic data for comparative genomic studies between blow flies and other 
insect species. Further analysis of the predicted genes will enhance the detection of 
specific genetic markers (SNPs, TEs and microsatellites) that play a role in sexual 
determination, environmental adaptation and species identification. The draft genome, 
incorporated with restriction site associated DNA sequences will enable the identification 
of polymorphic SNPs to be used in mapping and population genetic analysis. 
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Appendix A Mitochondrial Nucleotide Sequences 
>Contig 1, Length = 15,801 bp 
ATTCAAGCTCCTAATCATGAATTAGCTGAAATAGAAATTAAAGTTCCTATTATCAAAATTCCGAAAAATAT
AATTTTTGATGAATTATTAAAAATTAAAAAGAAAAGGATTAGAACCTTTATAAATGGGGTATGAGCCCAGT
AGCTTAATTAGCTTATCTTTTTATTGTATATTTTGGTGTATGATGCACAAAAGTTTTTGATACTTTTAGAA
ATAGTTTAATTCTATTAAATATAATAAATTATAATGAATGTAATATTATTACATGATTTACYCTATCAAGG
TAATCCTTTTTATCAGGCAATTCATTGATTACTAATTTAATTTATTTAATAAAATATAATTTATATTGTTT
ATTATTTCATGTTTTTTAATTCATTGTATAAAGTTTTATTTTGGCTTGTAAATTTATTATTAGTTTAATTT
ATATGTAAATTTTTGTGTGAATTTTTATTTATTTTAATAGTAAATAAATTAATTATATTCGCAGTAATTAA
TATTATTAATTAGGGAAACCTAGAAATAGTAATACTAAAGAGTATTGGCTAAATTTGTGCCAGCAGCCGCG
GTTATACGAATAATGCAAATAAATTTTTTTAGTTAAAGTTAAATTGTTTATTTATAAAATAAAAATAAATT
TATTAGGTGAAATTTTAAATTTATAAATTTTTTATTTAAATTAATTGAAGCTTGAAAATTTTAATAATAAA
CTAGGATTAGATACCCTATTATTTAAAATGTAAATTTAAAAACTAAGGTAGTAGTAGTTATGTTCTTGAAA
CTTAAAAAATTTGGCGGTATTTTAGTCTGTTCAGAGGAACCTGTTCTGTAATCGATAATCCACGATGGACC
TTACTTAAGTTTGTAATCAGTTTATATACCGTCGTTATTAGAATATTTTATAAGAATGTTAATTTTCAGAA
TTTTATAAAAGAAAATATATCAGATCAAGGTGTAGCTAATATTTAAGTAGAAATGGGTTACAATAAAATTA
TTTATACGAATATAAATTTGAAATGTTTATTGAAGGTGGATTTGATAGTAAAATTATAAAGATTAATAATT
TGATTTTAGCTCTAAAATATGCACACATCGCCCGTCACTCTTACTACTAAGGTAAGATAAGTCGTAACATA
GTAGATGTACTGGAAAGTGTACCTAGAATGCAATTTAAAGCTTATTTAGTAAAGCATTTCATTTACATTGA
AAAGATTTTTGTGCAAATCAATATAAATTGAATAGATTTTATTTATTAATTATTTTTGTTTTTAAATTAAA
TTATTAAAAATAATTATAAAATGAATTGTTTTAGTATTTAATAAAGAAAAAATAATATTAATTATAGTGTA
ATAGTATTGTGAAAGAAAATTGAAATAATTTGAAAAATTTTTATTATAAAAGAAAATTTAATTTATTGTAC
CTTGTGTATCAGGGTTTATCAAATAAAAATTATTTATTATAATTTTCTCGATTTTAAAAGAGTTAATATAT
TATCAAAGTTAATGTGGCAAAATTATTTTTAATAATATATTAGAAATGAAATGTTATTCGTTTTTAAAGGT
ATCTAGTTCTTTAAGAAATAAATTTAATTTAGAAATTTTATATTATTTAATTAAATAAATTAATTAAATAA
ATATTTAATTTTAATATTTTATGGGATAAGCTGTAAAATAAATTTTTAAAAATAAATAAATAAATTAATAA
ATATAAGCTTAGAATTAGCTATTATTAATAAAAGTGTTATAATTTATTTTATAATAATTATTATTTATTAA
TATTTTAAATTTTTATTAAAGTATTTATTTTAATTAAAAAAATAAATAAATAATGATAAAATTAGTATATT
TAATTGTATAAATAAATATAAATGAAAAGTTTTTATAAAGAACTCGGCAAAAATAATGTTCGCCTGTTTAA
CAAAAACATGTCTTTTTGAATTTTTTTTAAAGTCTAGCCTGCCCACTGAATTTTTTTAAATGGCCGCAGTA
TACTAACTGTGCAAAGGTAGCATAATCATTAGTCTTTTAATTGAAGGCTGGTATGAATGGTTGGACGAGAT
ATTAACTGTTTCATAAAAATTTATAATAGAATTTTATTTTTTAGTCAAAAAGCTAAAATATATTTAAAAGA
CGAGAAGACCCTATAAATCTTTATATTTAAATTATTATAATTTTATAGATTTATTTTGTTATAATAGTTGA
TAATATTTTATTGGGGTGATATTAAAATTTAATAAACTTTTAATTGTTTAAATCATTAATTTATGAATAAT
TGATCCGTTATTAGCGATTAAAAAAATAAGTTACTTTAGGGATAACAGCGTAATTTTTTTGGAGAGTTCAT
ATCGATAAAAAAGATTGCGACCTCGATGTTGGATTAAGATATAATTTTAGGTGTAGCCGCTTAAATTTTAA
GTCTGTTCGACTTTTAAATTCTTACATGATCTGAGTTCAAACCGGCGTAAGCCAGGTTGGTTTCTATCTTT
AAAAAATTAAAATATTTCAGTACGAAAGGACCTAATATTTGATAAATTATTATTTTTATATTGAATATAAT
TAATATAATACTATTTTGGCAGATTAGTGCAATAAATTTAGAATTTATGTATATGATTTTTATCATAAATA
GTACTTGTTTTTTATAGAAAATTTGTTATTTATTATTGGTAGATTATTACTAATTATTTTTGTATTAGTAA
GAGTAGCTTTTTTAACTCTTTTAGAACGGAAGGTATTAGGTTAYATTCAAATTCGGAAGGGTCCTAATAAG
GTAGGAATTGCAGGGATTCCTCAACCTTTTTGTGATGCAATTAAGTTATTTACTAAGGAACAAACTTATCC
TTTATTGTCTAATTATATCTCTTATTATTTTTCACCAATTTTTTCTTTATTTTTATCTTTATTAGTATGAA
TATGTATACCAATATTTGTAAAATTATTTTCATTTAATTTAGGTTTATTATTTTTTTTATGTTGTACTAGT
TTAGGGGTTTATACAGTAATAATTGCTGGTTGATCTTCTAATTCAAATTATGCTTTATTAGGAGGATTACG
AGCTGTTGCTCAAACAATTTCTTATGAAGTAAGTTTAGCTTTAGTTTTATTAAGTTTTATTTTTTTAATYG
GAGGGTATAATATATTAATATTTTATAAGTATCAAATGTTTATTTGATTTTTATTTATTATGTTTCCTATA
GCGTTAGTGTGATTTAGTATTTCTTTAGCTGAAACTAATCGTACACCATTTGATTTTGCTGAAGGAGAATC
AGAATTAGTTTCTGGATTTAATGTAGAATATAGAAGAGGAGGATTTGCTTTAATTTTTTTAGCTGAATATG
CAAGAATTTTATTTATAAGAATATTATTTTGTGTTATATTTTTGGGAAGTGATGTATTTTCTTTTTTTTTT
TATATTAAGTTAACTTTTGTTTCATTTATATTTATTTGAGTTCGAGGGACTTTACCTCGTTTTCGGTATGA
TAAATTAATATATTTAGCTTGAAAAAGTTTTTTACCTTTTTCATTAAATTTTTTATTATTTTTTGTTGGAT
81 
 
 
TTAAAATTTTTTTAATTTATTTAATTTAATGTATTATTTTTAGTAAAGTTAATAGAAAATTTGATTTCTAT
CTTATGTTTTCAAAACATATGCTTATTTCAAGCTCATTAACTAATTTAATAAATTATCTCATCATTTAATA
ATTAGTGGGTTAAKTATAAAATAAGAAAAGTATACTACAGTTAAAATTTGACCTACTAATACGTAAGGTTC
TTCAACTGGTCGAGCTCCAATTCATGTTAGTAGAATTACTGTAACTACTATTACTCAGAATAAAATTTGAT
TAATAGGATAGAATTGAATTCCTCGAAATTTACTTAAATGGTAAAATGGTAAAATTGCTAAAATTGCAATA
GATAAAACTAATGCAATTACTCCTCCTAGCTTATTAGGAATAGATCGYAGAATTGCATAAGCGAATAGGAA
GTATCATTCTGGTTNNNNNNNNNNNNNNNNNNGGATTAATTAGAACTAGTAGAATTAGAATTATTGTTATT
ACAATGAACCCTACAATATCCTTGTAAGTAAAATAAGGATGAAATGGAATTTTATCAATATTTGAATTTAA
TCCTATTGGGTTATTTGATCCTGTTTCATGAAGGAATAAAATATGAATTAAAGTAGCGGCTAATACAATAA
AAGGTAGAATAAAGTGGAAAGTAAAGAATCGTGTTAATGTTGCATTATCWACAGCAAATCCTCCTCATACT
CATTGTACTAAGTCGATCCCTAAATATGGAATAGCAGATAATAAATTAGTAATAACTGTTGCTCCTCAGAA
AGATATTTGTCCTCAAGGTAGTACATATCCTATAAAGGCTGTTCCTATTACTAAAAATAGGATAATTACTC
CTACTAATCAAGTTGGAGTAAATAAATATGAACCATAATAGATTCCTCGTCCTACATGTAAATAAATACAA
ATAAAAAAGAATGATGCACCATTAGCATGTATAGTTCGTAATAATCATCCATAATTTACATCTCGACAAAT
ATGATTTACTCTATTAAAGGCTAAATTAATATCTGCAGTGTAATGTATAGCTAAAAATAATCCAGTTAAGA
TTTGAATCATTAAACATAAAAATAATAATGATCCAAAGTTTCATCAAGCTGAAATATTAATAGGGGCAGGT
AAATCTACTAAAGCACTATTAGCAATTCTAAAAATTGGGTGTTTAATTCGTAAAGGTTTGTTCATTAGTTG
AATATTGGTCGAAGAGGTCCCTTAAATAGCTTAGTAATTTTTACAACAGCAATTAATGTAATTAATAAATA
ATTTATTAATAAAATTGTTAATAAATTAGTTGGATAATTATATAATTTGTTAAGTGATAGGGAATTTTCTG
TTAAATATGAGTTTATATCATAAATTGATTTAACTTCTAAATTTTGATATTGAAGTAGTAAGTTTTTATCT
ATGAAATATAAAGATAAAATTATAAAYACAAAAATTGATAAGGAGATGAATATGAGTTTGATTGAAAATGA
AAATATTTCATTTGATGCAAGAGAAGTTACATAAATGAATAATACTAATATCCCTCCTAAAAATACTAGGA
ATAAAATATAAGAAAATCAGAATCTTTTAGTTATTAGACCTGAAGTTAAACAAACTAAAGTTGTTTGAATA
AGTAATGTTAATCCTATAGCTAGAGGGTGTTTCATATTTATGAAAACAAAATTAAAAATAATTAAAAGTGA
TATTAAAATTCATTGTATAATATCAAGAGGTAGTTTAAATAAAATATTAATTTTGGGGATTAATGATAAAG
AAATTTCTTTTCTCTTGAAGTTTTAAAAGAAATAATCTTATTTTTGATTTACAAGACCAATGTTTTTATTA
AACTATTAAAACTAATGATAGCAATTTTAAATTGAAGCTTACCAAGTATTTTATTTATTATAGGAGTATTT
ACTTTTGTTTCTAATCGTAAGCATTTATTATCAATATTATTGAGATTAGAATATATTGTATTGAGTTTATT
CCTTTTATTATTTATTTATTTAAATATGTTAAATTATGAAAATTTTTTTAGTATAATATTTTTAACTTTTA
GAGTTTGTGAAGGTGCACTTGGACTTTCAATTTTAGTTTCAATAATTCGTACACATGGAAATGATTATTTT
CAAAGATTTAATGTTTTACAATGTTAAAAATTATTATTAGAATTTTATTTTTATTTCCATTGTGTTTAATA
CATAATACTTATTGAATGGTTCAAAGTTTTTTATTTTTATTAAGTTTTATTTTTATTTTAATAAATATATA
TAGAAATTATTTTATATCAATTTCTTATTTATTTGGATGTGATATAATTTCTTATGGATTAATTTTATTGA
GCTTATGAATTGTTTCTTTAATATTAATGGCTAGTGAGTCAGTTTATAAGTATAGAAATTATACAAATTTA
TTTTTATTAAATATTGTTTTATTATTAGTTTTATTAGTTCTTACTTTTAGAAGAATGAGATTATTTATATT
TTATTTATTTTTTGAAAGTAGTTTAATTCCTACTTTATTTTTAATTTTAGGTTGAGGGTATCAACCAGAAC
GATTACAGGCTGGAGTATATTTATTATTTTATACTTTGTTAGTGTCTTTGCCWATATTAATTGGTATTTTT
TATTTATATAAGGTTACGGGAACTTTGAATTTTTATTTATTAAATAATTATATATTTAATTATGAATTTCT
TTATTTTTCTTTAGTGATAGCTTTTTTAGTAAAAATACCTATATTTTTAGTTCATTTATGATTACCTAAGG
CTCATGTAGAAGCTCCTGTTTCAGGTTCAATAATTTTAGCTGGAATTATATTAAAATTAGGGGGTTATGGA
TTATTACGAGTATTTCCTTTTTTACAGATTATAGGATTAAAGTTTAATTTTATTTGAATTAGAATTAGATT
AGTAGGAGGAGTACTAGTTAGTTTAATTTGTTTACGACAAACAGATTTAAAGGCATTAATTGCTTATTCTT
CAGTTGCTCATATAGGAATTGTTTTAGCTGGGTTAATAACTTTAACTTATATAGGAATTTGTGGTTCTTAT
ACTTTAATAATTGCTCATGGTTTATGTTCTTCAGGACTTTTTTGTTTAGCTAATATTTCTTATGAACGAAT
GGGTAGTCGTAGATTATTAATTAATAAGGGTATATTAAATTTTATACCTTCAATGGCATTATGATGRTTTT
TATTAAGATCAGCTAATATAGCTGCTCCTCCTACTTTAAATTTATTAGGAGAAATTTCTTTAATTAATAGT
ATTGTTAGTTGATCTTGAGTTTCAATATTAATGTTATCTTTATTATCTTTTTTCAGAGCTGCTTATACGTT
ATATTTATACGCTTATAGTCAACATGGAAAGATTTTTTCTGGTGCTTATTCATTTAGAGGAGGTTCAGTTC
GTGAATTTTTACTTTTATTTTTACATTGATTTCCTTTAAATTTGTTAATTTTAAAGGGAGATATATGTATA
TTGTGATTATATTTAAATAGTTTAATAAAAAATATTGATTTGTGGTGTCAATGATAAGAAAATTTCTTTTT
AAATCGTGAAATATTTATCAATTTGTACAATTAGTTTTGTAAGTTTATTTTTTTTTAGATTATTATCTTTT
TTAATAGGGATAATTTTTATTATAAATGATTATAGAATTTTTATTGAATGAGAAGTGGTTTCTATAAATTC
TTTAAGAATTGTTATAACTTTATTATTAGATTGAATAAGATTAACTTTTATATCTTTTGTTTTAATAATCT
CTTCTTTGGTTATTTTTTATAGAAAGGAGTATATAGAAAGTGATTATAAAATTAATCGATTTATTATATTA
GTTTTAATATTTGTTATATCAATAATGTTATTAATTATTAGTCCTAATTTGATTAGAATTTTATTAGGATG
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AGATGGATTAGGACTTGTATCTTATTGTTTAGTTATTTATTTTCAAAACGTCAAGTCTTATAATGCTGGRA
TATTAACTGCTTTATCAAATCGGATTGGAGATGTTGCGTTATTATTAGCTATTGCTTGAATGTTAAATTAT
GGTAGTTGAAATTATATTTTTTATTTGGAAGTAATAAAAAGTGATTTTGAAATAATAATTGTAGGAAGATT
AGTTATATTAGCAGCTATAACTAAAAGTGCTCAAATTCCTTTTTCTTCTTGATTACCAGCTGCTATAGCAG
CTCCTACGCCTGTTTCTGCTTTAGTTCATTCTTCAACTTTGGTAACGGCAGGAGTATATTTATTAATTCGA
TTTAATATTTTATTAAATAGATCATGAATGGGTAATTTATTATTATTATTATCTGGGTTAACAATATTTAT
AGCTGGGTTAGGAGCAAATTATGAATTTGATTTAAAGAAGATTATTGCTYTATCTACTTTAAGTCAGTTAG
GTTTAATAATAAGAATTTTATCTATAGGTTATTATAAATTAGCTTTTTTTCATTTATTAACTCATGCTTTA
TTTAAGGCTTTACTTTTTATATGTGCTGGAGCTATTATTCATAATATAAATAATTGTCAAGATATTCGTTT
AATAGGAAGATTAAGTTTAATAATACCACTTACATCTTCTTGTTTTAATGTTGCTAATTTAGCTTTATGTG
GTATACCTTTTTTAGCTGGGTTTTATTCTAAGGATTTAATTTTAGAAACAGTATCTTTGTCTTATATTAAC
ATGTTTTCTTTTTTTTTATATTTTTTTTCTACAGGTTTAACTGTTTGTTATTCTTTTCGGTTGGTATATTA
TACAATAACTGGAGATTCAAATTTTTCATCTTTGAACATGCTTAATGATGAAGGTTGAGTGATATTAAAAA
GTATAYTAGGTTTATTGATTTTAAGAATTTTTGGGGGAAGAATGTTAAGATGGTTGATTTTTCCTACACCA
ATAGTAGTTGTTCTTCCTTTTTATTTAAAGTTGTTAACTTTATTCGTTTGTATTGTAGGGGGATTAATAGG
TTACATGATTTCTCATGTTTCTTTATTTTTTTATAATAAGGCTTTAAATAATTATCATTCTTCTTATTTTT
TAGGTTCTATATGATTTATACCTTATATTTCTACTTATGGAATTATTAATTATTCATTAGTTGTAGGTAAT
ATAGTGGTAAAGTCTTTTGATCAAGGTTGATCAGAATATTTTGGAGGTCAACAATTATATTTAAATTTAGT
AAAAAATTCTCAATTAAATCAAATATTACAAAATAATAATTTAAAAATTTATTTATTAAGTTTTATTTTTT
GAATTATAATTTTATATATGTATATAATTTGTTTTTATTCAAATAGCTTATATTTAGAGTATGACACTGAA
GATGTTAGGGAGATTAATTTAATCTTTGAATATAATGAATTATTTTTAGTAATTTATAAAAATAAAAAATT
TTAACTTTACAATGAAAATGTAATGTTTTATTTAAACTATATAAACTAGAAGTATAAATGGAATTTAACCA
TTAAAAGAAAAAAGTTAGCAGCTTTTACTTGAACATCATACTTCTTTAATTGGAGTTTTGATCTCAATTCT
ATCATTAACAGTGATAAGCCTCTTTTTGGCTTCAATTAAGTAGAATAAGGGTAGAAATTACCTAAGATTAG
GTCGAAACTAATTGCAATATATCGCTTCATATTCAAGGTAGATTGAAAAATCAATACTTTTTGAATGCAAA
TCAAATGTTATACTTAACTACAACCCTAAAAATTAATTTGATCAATTTAGTATACCTTGATTTCATTCGTG
GTAAAGTCCTAATAATAAAATTAAAATAAAAATAATTGATGTAATTGTTCATAYTATTAAATTTGAAAATT
TAATAATTAAGATAATAGGAAGAATTAAAGCAATTTCTACATCAAAAATTAAAAAAATAATTGTAATTAGA
AAGAATCGTAAGGAGAAAGGTAATCGAGAAGAAGATTTTGGGTCGAATCCACATTCAAATGGAGATGCTTT
TTCTCGATCAACAAGTGTTTTTTTCGAAAGAATTGAAGCCAATAATATAACTACGATTGAGATTAATAAAA
TAATTGAACTAATTGTTAAAATTGATAAAATTATCTATACTATTAATAATAGACCATATGATTGGAAGTCA
AATATACTTTTTATACTATATAGATAATTAATTATCCTCCTCATCAATAAATTGAAACATAAAGAAATAAT
CAAACAATATCAACAAAGTGTCAGTATCAAGCAGCGGCTTCAAATCCGAAGTGATGATTTTTAGAAAAATG
ATTATTTAAATGTCGGATTAAACAGATTAATAAGAAAGTTGTTCCAATTAAAACATGAATTCCATGGAATC
CTGTTGCTATAAAAAATGTTGATCCATAAACAGAGTCAGCAATTGTAAATGGGGCTTCAATGTATTCATAA
GCTTGTAAAATTGTAAAATAAACTCCTAAAATAACTGTAAAAAATAATCCTTGAGTAGTTTGGGAGTGATT
TCCTTCCATTAAACTGTGGTGAGCTCAAGTTACAGTAATTCCTGAAGTTAATAAAATAACTGTATTTAAAA
GAGGAATTTGGAAGGGATTAAAAGGAGTAATTCCTATAGGAGGTCATATAGCTCCTAATTCAATTGATGGT
GAAAGACTACTGTGAAAAAAAGCTCAGAAGAATGAAACAAAGAATAAAACTTCTGATAAAATAAATAAAAT
TATTCCTCATCGTAATCCTGTAGTTACTGCATCAGTATGAAGTCCTTGGAATGTACCTTCTCGTGAAACAT
CTCGTCATCATTGATAAACAGTTAAAATAGTGATAATATTTCCTAAAAAGAATAATGATGTGTCATATTGA
TGAAATCATTTTACTATACCAGCAACAGTTGTTATAGCTCCGATTGAAGCTGTTAATGGTCATGGACTGTA
GTCTACTAAATGGAATGGGTGATTTGAGTGAGTTGACATTAGTTTACTTCACTAGAATATAAAGTTCTTAA
AACAGCAAATACGTATGATTGAATTATAGCAACAGCTGATTCTAGAACTAATAAAGCAATTTGTGTAATAA
TTAATAAACTTAATAAAATTGTTGATATAGAAGGTCCAGTATTTCCTAAAAGAGTTAATAGTAAATGTCCT
GCAATTATATTAGCTGTTAGTCGAACTGCTAAAGTTCCAGGTCGAATTACATTACTAATAGTTTCAATGCA
TACTATAAAAGGTATTAAAACTGCTGGGGTTCCTTGAGGAACTAAGTGGGCAAATATATGTTGAGTGTTAT
TAATTCATCCAAATAATATAAAACAAAGTCATAGGGGAAGAGCTAATGTTAAAGTTAGAGTTAAGTGACTT
GTTCTTGTAAAAATATAAGGGAATAATCCTATAAAATTATTAAATAAAATTATAGAAAATAAAGAAACAAA
AATAAATGTAGAACCGTTTGCTCCYATAGGTCCTAAAAGAGTTTTGAATTCCTTATGAAGTGTTAATAAAA
TATTATTTCAGAAAATATGATATCGGGAAGGTATTAATCAATATATTGATGGAATTATTAAAATTCCTAAG
AATGTTCTTAATCAATTTAATGATAAATTAAAAATACTTGAAGAAGGATCAAATACTGAAAATAAATTTGT
TATCATTTTCAATTTAATGAATTTGTAGATTGTGTTTTGTTTACTAAATCAGATTTAGGTATAGAAGGAAT
AAATGAATAATAATTTATTATATTAAAAATTACGAATGCAATTGAAAAGATAATAAATAAACTTAATCAAC
CAATAGGTGCTATTTGAGGAATTAAAAAATATCAAAAAMCTGATAATTTTAGTTTGACAAACTAATGTTAT
83 
 
 
AAATTTAACTAATTTTTTCATTAGAAGTAAGTGCTAATTTACTATAAAATGGTTTAAGAGACCAGTACTTG
CTTTCAGTCATCTAATGAAGAGTTTACATTATTAGAAATTCATTTGATAAAGTAATTTACTGGGATTCTTT
CGATTACAATTGGTATAAAACTATGATTAGCTCCACAAATTTCTGAACATTGTCCATAAAATAAACCTGGT
CGATTAATTAAGAAATTAGTTTGATTTAGTCGTCCAGGTGTACCATCAACCTTAACTCCTAAAGCTGGAAT
AGTTCATGAATGAATTACATCGGCTGCTGTCACTAAAATTCGAATTTGTGAATTTATTGGTAAAACTACTC
GATTATCAACGTCTAATAAACGAAAACTATCAATTGATAATTCATTTGTAGGAATTATATAAGAATCAAAC
TCAATGTTTGCAAAATCAGAATATTCATAACTTCAATATCATTGATGTCCAATTGCCTTTAAAGTAATTGA
AGGTTCATTAATTTCATCTAGTAAGTAAAGAAGTCGTAAAGAAGGAAAAGCAATAAATAACAAAATAATTG
CAGGTAAAATTGTTCAAATAATTTCAATAGTTTGTCCATGGAGTAGATATCGATTTACATATTTATTAAAG
AATAATATAAATATTAAATAACCTACTAGAACAGTAATTATTACTAAAATTAAAAGTGCATGGTCATGGAA
GAAAATCAATTGTTCTATTAAAGGAGAAGAACTATCTTGTAAACCTAAATTTGCTCATGTTGACATTTATT
TTCTAATAAAAGTAAAATACTTTATATATGGAGCTTAAATCCATTGCACTAATCTGCCATATTAGAAATTA
GTTAATAAAGGTAATTCACTATAGCTGTGTTCAGCTGGTGGAGTATTTTGTAATCATTCAATAGATGAATT
TAATTGTACAGGGAATAAAACTTGACGTTGAGATACTAAACTTTCTCAAATAATAAAAAAGAAAAATAAAA
TTCCTAATAATGAGATTGTTGAACCAATTGTAGAGATTACGTTTCAAGCCGTGTAAGCATCTGGGTAATCT
GAGTATCGTCGAGGCATTCCAGCTAATCCTAAGAAATGTTGAGGGAAGAATGTTAAATTTACCCCAATAAA
TATAATAGCAAATTGACTTTTTAATAACTTATTATTTAATGTTAATCCAGTAAATAAAGGGAATCAGTGGA
CAAATCCAGCTATAATAGCAAATACAGCTCCTATTGATAATACATAGTGGAAATGAGCTACTACATAATAT
GTATCATGAAGAATAATATCGATTGATGAATTAGCTAAAACAACACCAGTTAATCCTCCTACAGTAAATAA
AAATACAAATCCTAAAGCTCATAGAGTTGCTGGAGAGTAATTTAATTGAGTTCCATAAAGAGTTGCTAGTC
AACTGAAAATTTTAATTCCAGTTGGTACAGCAATAATTATAGTTGCTGAAGTAAAGTAAGCTCGTGTATCA
ACGTCTATTCCAACAGTAAATATATGATGAGCTCATACAATAAATCCTAATAGACCAATAGCTAATATAGC
ATAAATTATTCCTAATGATCCAAAAGTTTCCTTCTTTCCTGATTCTTGACTAATAATATGAGAAATTATTC
CAAATCCAGGTAGAATTAAAATATAAACTTCAGGGTGACCAAAGAATCAGAATAAGTGTTGATATAAAATA
GGATCTCCTCCTCCTGCTGGGTCAAAGAATGAAGTGTTTAAATTTCGATCAGTTAATAATATAGTAATAGC
ACCGGCTAATACAGGTAAAGATAATAAAAGTAATAGAGCAGTAATAACTACAGATCAAACAAATAAAGGTA
TTCGATCAAATGTAATTCCAGTTGATCGTATATTAATTACAGTTGTAATGAAATTTACAGCTCCTAAAATT
GAAGAAATTCCTGCTAAGTGAAGAGAGAAAATAGCTAGATCAACAGATGCTCCTCCATGAGCAATATTAGA
TGATAAAGGTGGGTAAACAGTTCATCCTGTTCCAGCCCCATTTTCTACTATACTACTAACTAACAATAGAG
TTAATGCAGGAGGTAAAAGTCAAAAACTTATATTGTTTATTCGTGGGAAAGCTATATCAGGAGCCCCTAAT
ATTAAAGGAACTAATCAATTTCCAAATCCTCCAATTATAATTGGTATAACTATAAAGAAAATTATAATAAA
AGCATGAGCTGTTACAATTACGTTATAAATTTGGTCATCTCCAATTAGAGCTCCAGGGTGCCCTAGTTCAG
CTCGAATTAGAATTCTTAATGAAGTTCCAATTATTCCAGATCAAGCTCCGAAAATAAAATATAAAGTACCA
ATATCTTTATGATTAGTAGAAAATAACCATTGTCGCGATTAAATGGCTGAAGTTTAGGCAATAGACTGTAA
ATCTATTTATGAGAATTATTCTCTTTAATCAATAGGCTTTATAGTCAATAATGACATTAGACTGCAATTCT
AAAGGAGTAATAAAATTACTAAGGCTTAAAAGATTATTCTTATATTTATAGCTTTGAAGGCTATTAGTTTA
TTTAACTTAAAGCCTTAGAATAAAAAGTATAAAGAAGAAATTAGGAATAACCCAAATGAAGAGAAAAATGA
ACAAATTATAAAAATTTTTATATAATTTGATTTATATACAGAAGAAGTTAATCAATTATTTTCATAATAAT
TTAATATAAATGCTCTGTAACATAATCGTATATAAAAATATAATGTGATTAGAGTCATTAAAACTATAAAT
GTTAATAAAAAAAATTGACTATTTATAGTTAATGATTGAATAACAATTCATTTTGGGAAAAATCCTAAGAA
AGGAGGCAATCCTCCTAACGATAGTAAATTAAAAAATAAAAAAAATTTTATAACCTTTGAGTGGAAAAATA
AAGAAAATAATTGGTTAATATGTGAAGTTTTAAATATATTAAATATAAAAATTATACAAAAAGTTAAAAAA
GTATAAAATATAAAATAAGTTATTCACAATAAATTACTATTATATATAGCTGCTAATATTCAACCTAAATG
GTTAATTGAAGAATACGCTATTAATTTACGTAATGAAGTTTGATTTAATCCTCCTAATGCACCAATTAATC
TAGAAAGAATAATTCTTGTAATAATTATTGGTTTAAAAATAATATAAGAAATTAATATTAAAGGAGCAATT
TTTTGTCAAGTTATTAAAATTAATGCATTTAGTCATGATAGTCCTTCTATTACATTAGGAAATCAAAAATG
AAAAGGAGCTGACCCTCTTTTTAATAAAAGAGAGGAGAAAATTATTATTTCTATAAAGTAATTTGAATTTC
TTTTACTTGAATTTAGTAAAAATAAAATTACTGCAAATAAAAATACTGAAGACGCTAATGCTTGAGTTAAG
AAATACTTTAATGAGGCTTCTGTTGATATTAATTTATTATCTCTTATTAGGGGGATAAAAGCTAACAAATT
AATTTCTAAACCTATTCAAGCTCCTAATCATGAATTAGCTGAAATAGAAATTAAAGTTCCTATTATCAAAA
TTCCGAAAAATATAATTTTTGATGAATTATTAAAAATTAAAAAGAAAAGGATTAGAACCTTTATAAATGGG
GTATGAGCCCAGTAGCTTAATTAGCTTATCTTTTTATTGTATATTTTGGTGTATGATGCACAAAAGTTTTT
GATACTTTTAGAAATAGTTTAATTCTATTAAATATAATAAATTATAATGAATGTAATATTATTACATGATT
TACCCTATCAAGGTAATCCTTTTTATCAGGCAATTCATTAAAAGTAAGTTTCTCATGTTTTTGTTTTTTTT
TTTTTWTTYTTTATWYTTATTTTTTTGTTAATTAATAAATTATAGAATATAGTTTATTAATTAATTAGATA
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ATTATAATTAGTATTARTTTATTAGATTAAATAAATTATAAATATAAATAATTAAATTTTGTATATATATA
TATATATATATATWTATATATATWTATWYATATATTTATAATATATTAAAATTTGTATACAATGTTATATA
ATTAATAATTAATAAATTATTTATATAAAACTATAAATATAATTCACATACATTATTAAATAATTTTTTTT
AATAAATCATATTTCTACATAATAATTATATAAATCATTATTAATAATGCTTTAATAACATGATATTCTTA
ATTGGATTTAAATTTTTTTTTTTATCTAAATTAATAGATATATATTAATTAATTAAATATTTATATATTAA
TAGATATCTATTAATCTTATTTGGTATATAGACTAAAAATAAATTTTTGCATCGCTCAATATAAAATTGGA
GAGGTATATATAAATGAATTATATATTATAATTTTTARAWAWAAAWAAAAAAAAAAAAAAAAAAAAATWWW
AAAAATTHATTTWTTTTTAATAAATTTTTGCTAATTTTT 
>Contig 2, Length = 628 bp 
ATCGTTCATATTATTAAATTGGAGAATTTAATAATTAAAATAATAGGTAGAATTAAAGCAATTTCTACATC
GAAAATTGGGAAAATAATTGTGATTAAAAAGAATCGTAAAGAAAAAGGTAATCGGGATGACGATTTTGGAT
CAAATCCGCATTCAAATGGAGATGTTTTTTTTCRATCAACRAGTGTTTTTTTTTTTTTTTAADAATTGAAG
CTAAAARTATTACTACAATTGAAATTAATCAAATAATTGAACTAATTGTTANNNNNNNNNNNNNNNNNNNN
NNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN
NNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN
NNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN
NNNNNNAAAACATGAATTCCGTGGAATCCTGTCGCTATAAAAAATGTCGATCCGTATACAGAGTCAGCGAT
TGTAAATGGAGCTTCAACGTTTTCATAAAAAATCATCCTTGAGCAGTTCGGGAATGATTT 
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Appendix B Eukaryotic Orthologous Groups (KOG’s) Proteins IDs. 
List of 442 Eukaryotic Orthologous Groups (KOGs) ID's detected by CEGMA in the  
Draft Genome 
KOG0002.7 KOG0327.3 KOG0563.1 KOG0952.21 KOG1358.9 KOG1646.4 KOG2014.14 KOG2732.3 KOG3174.2 
KOG0003.6 KOG0328.2 KOG0567.1 KOG0959.85 KOG1367.4 KOG1647.3 KOG2017.1 KOG2738.6 KOG3180.4 
KOG0018.5 KOG0329.8 KOG0602.18 KOG0960.10 KOG1370.2 KOG1654.3 KOG2035.4 KOG2749.1 KOG3185.2 
KOG0019.2 KOG0330.1 KOG0622.5 KOG0964.10 KOG1373.5 KOG1662.2 KOG2036.5 KOG2754.4 KOG3188.7 
KOG0025.1 KOG0331.1 KOG0625.4 KOG0969.12 KOG1374.4 KOG1664.2 KOG2044.1 KOG2757.5 KOG3189.2 
KOG0047.1 KOG0344.7 KOG0631.6 KOG0985.6 KOG1390.2 KOG1668.2 KOG2047.16 KOG2767.1 KOG3204.7 
KOG0062.18 KOG0346.5 KOG0650.16 KOG0989.9 KOG1393.2 KOG1678.1 KOG2067.3 KOG2772.4 KOG3205.1 
KOG0073.6 KOG0357.9 KOG0659.3 KOG0991.2 KOG1394.3 KOG1688.4 KOG2104.3 KOG2775.2 KOG3218.4 
KOG0077.4 KOG0358.5 KOG0675.6 KOG0996.14 KOG1415.4 KOG1691.7 KOG2189.21 KOG2781.5 KOG3222.17 
KOG0084.5 KOG0359.2 KOG0679.2 KOG1036.2 KOG1430.4 KOG1692.5 KOG2270.9 KOG2783.4 KOG3229.8 
KOG0092.6 KOG0361.2 KOG0683.6 KOG1047.17 KOG1433.2 KOG1712.5 KOG2276.14 KOG2784.3 KOG3232.3 
KOG0094.4 KOG0362.11 KOG0687.10 KOG1058.13 KOG1439.2 KOG1722.1 KOG2292.4 KOG2785.3 KOG3237.1 
KOG0100.5 KOG0363.9 KOG0688.7 KOG1062.18 KOG1448.6 KOG1723.3 KOG2303.3 KOG2803.13 KOG3239.1 
KOG0102.4 KOG0364.22 KOG0727.6 KOG1068.1 KOG1458.1 KOG1727.6 KOG2309.14 KOG2807.6 KOG3271.5 
KOG0103.2 KOG0365.15 KOG0728.6 KOG1077.9 KOG1463.6 KOG1728.5 KOG2311.4 KOG2825.6 KOG3273.5 
KOG0122.4 KOG0366.2 KOG0729.3 KOG1078.7 KOG1466.1 KOG1733.10 KOG2321.3 KOG2833.7 KOG3275.5 
KOG0142.8 KOG0367.2 KOG0734.6 KOG1088.10 KOG1468.2 KOG1742.4 KOG2387.13 KOG2851.6 KOG3283.3 
KOG0173.12 KOG0371.5 KOG0741.9 KOG1098.4 KOG1487.5 KOG1746.10 KOG2415.6 KOG2854.2 KOG3284.1 
KOG0174.3 KOG0372.1 KOG0756.6 KOG1099.7 KOG1491.5 KOG1750.1 KOG2451.3 KOG2855.15 KOG3285.1 
KOG0175.2 KOG0373.5 KOG0758.5 KOG1112.6 KOG1494.4 KOG1753.6 KOG2467.5 KOG2874.5 KOG3291.11 
KOG0176.3 KOG0376.12 KOG0767.1 KOG1123.9 KOG1498.1 KOG1754.3 KOG2472.2 KOG2877.12 KOG3295.1 
KOG0177.9 KOG0394.6 KOG0780.3 KOG1131.6 KOG1506.4 KOG1755.3 KOG2481.5 KOG2906.2 KOG3297.6 
KOG0179.4 KOG0397.5 KOG0784.1 KOG1137.9 KOG1523.1 KOG1758.1 KOG2509.11 KOG2908.8 KOG3301.5 
KOG0180.5 KOG0400.1 KOG0785.9 KOG1145.8 KOG1526.7 KOG1760.9 KOG2519.5 KOG2909.4 KOG3311.1 
KOG0181.7 KOG0402.4 KOG0787.11 KOG1148.8 KOG1531.3 KOG1762.3 KOG2529.5 KOG2916.7 KOG3313.4 
KOG0182.3 KOG0407.5 KOG0815.5 KOG1149.13 KOG1532.4 KOG1769.5 KOG2531.1 KOG2930.4 KOG3318.1 
KOG0183.7 KOG0418.9 KOG0817.7 KOG1158.6 KOG1533.4 KOG1770.4 KOG2535.6 KOG2948.9 KOG3320.9 
KOG0184.11 KOG0419.16 KOG0820.7 KOG1159.11 KOG1534.2 KOG1772.9 KOG2537.2 KOG2952.4 KOG3330.3 
KOG0185.10 KOG0420.17 KOG0829.5 KOG1185.2 KOG1535.6 KOG1774.1 KOG2555.9 KOG2957.6 KOG3343.1 
KOG0188.2 KOG0424.4 KOG0852.2 KOG1211.12 KOG1539.23 KOG1779.3 KOG2572.3 KOG2967.2 KOG3361.2 
KOG0190.16 KOG0434.3 KOG0853.7 KOG1235.9 KOG1540.8 KOG1780.2 KOG2574.2 KOG2971.1 KOG3372.7 
KOG0209.28 KOG0441.4 KOG0857.12 KOG1241.15 KOG1541.9 KOG1781.12 KOG2575.2 KOG2981.2 KOG3387.9 
KOG0211.3 KOG0450.14 KOG0861.3 KOG1255.13 KOG1549.2 KOG1782.6 KOG2613.1 KOG3013.8 KOG3400.8 
KOG0225.4 KOG0460.6 KOG0862.6 KOG1268.5 KOG1555.5 KOG1784.1 KOG2617.3 KOG3022.3 KOG3404.6 
KOG0233.1 KOG0462.5 KOG0871.6 KOG1272.9 KOG1556.4 KOG1800.8 KOG2623.24 KOG3031.6 KOG3405.3 
KOG0258.4 KOG0466.8 KOG0876.2 KOG1291.5 KOG1562.10 KOG1816.4 KOG2636.5 KOG3049.3 KOG3411.2 
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KOG0264.2 KOG0468.3 KOG0878.6 KOG1299.6 KOG1566.10 KOG1872.12 KOG2638.2 KOG3052.1 KOG3418.8 
KOG0271.16 KOG0469.6 KOG0880.8 KOG1300.3 KOG1567.5 KOG1885.7 KOG2653.14 KOG3064.3 KOG3428.10 
KOG0276.8 KOG0477.7 KOG0888.1 KOG1301.3 KOG1568.4 KOG1889.12 KOG2670.2 KOG3079.6 KOG3430.6 
KOG0279.11 KOG0481.3 KOG0894.5 KOG1322.4 KOG1596.1 KOG1915.39 KOG2680.3 KOG3090.2 KOG3432.4 
KOG0285.5 KOG0495.1 KOG0898.1 KOG1335.3 KOG1597.5 KOG1936.6 KOG2700.9 KOG3106.2 KOG3436.2 
KOG0289.18 KOG0523.9 KOG0922.2 KOG1342.34 KOG1626.2 KOG1942.1 KOG2703.1 KOG3147.9 KOG3442.7 
KOG0291.27 KOG0524.4 KOG0927.8 KOG1349.1 KOG1636.1 KOG1979.4 KOG2707.3 KOG3149.3 KOG3448.9 
KOG0292.3 KOG0530.9 KOG0934.3 KOG1350.3 KOG1637.9 KOG1980.20 KOG2711.7 KOG3157.4 KOG3449.3 
KOG0302.1 KOG0534.1 KOG0935.5 KOG1351.5 KOG1641.2 KOG1986.7 KOG2719.3 KOG3163.6 KOG3453.14 
KOG0313.9 KOG0544.3 KOG0937.4 KOG1353.2 KOG1643.1 KOG1992.18 KOG2726.4 KOG3164.2 KOG3457.1 
KOG0318.20 KOG0556.5 KOG0938.6 KOG1355.1 KOG1644.10 KOG2004.8 KOG2728.3 KOG3167.4 KOG3459.7 
KOG3463.7 KOG3475.1 KOG3480.1 KOG3489.6 KOG3497.2 KOG3499.4 KOG3503.6 KOG3855.8 KOG3974.3 
KOG3464.4 KOG3479.4 KOG3482.2 KOG3493.14 KOG3498.1 KOG3502.2 KOG3506.2 KOG3954.1 KOG4392.1 
KOG4655.6                 
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Appendix C Purdue University Genomics Core Facility - Protocol followed in 
Genomic DNA Library Preparation  
The overall protocol used was based on the Illumina TruSeq DNA sample preparation 
guide (Catalog #PE-940-2001, Part # 15005180 Rev. A, November 2010), which can 
easily be found on the Illumina website (www.illumina.com). It was mostly followed 
stepwise; however the amplicons were not gel purified and only 6 cycles of amplification 
were done. The following is some of the details of the preparation steps from the Purdue 
Univ. genomics core facility. 
Request Data 
 
Analysis Type: Denovo Assembly Genome 
Library Type: Paired End 
Number of Lanes: 1 
Read Length #1: 100 
Read Length #2: 100 
Request Name: Phormia_regina 
Sequence Engine: hiseq2000 
Source Genomic: DNA 
Source Test: 2 
Species: Phormia regina 
Version: v3 
Libraries 
 
Sample # 1 
Library Name - 1- MALE 
Accession# - 002843 
Sample Type - DNA 
Amount - 1/2 lane 
Species - Phormia regina 
Control - No 
 
Sample # 2 
Library Name - 2- FEMALE 
Accession# - 002844 
Sample Type - DNA 
Amount - 1/2 lane 
Species - Phormia regina 
Control - No 
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NANODROP 
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Sample ID ng/ul 260/280 260/230 ul TV 
1  hr00432_1-MALE gDNA 608.83 2.26 2.18 80 
2  hr00432_2-FEMALE gDNA 1105.78 2.26 2.278 74 
 
GEL 
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AGILENT 
Library Construction 
1-14-2013 
Library sheared using 400bp shearing protocol on Covaris 
Duty Cycle         10% 
Intensity               4 
Cycles/burst      200 
Time (sec)           55 
  
Amounts sheared listed below. 
PI HR Acc Sample  
Name 
ng/ul Total V Total ng Shear ul uL EB 
cpicard 432 2843 1 608 80.0 48640.0 10.0 120.0 
   2844 2 1105.8 74.0 81829.2 10.0 120.0 
 
After shearing samples transferred to 1.5ml low binds tubes 
0.8% Ampure XP on all samples. 
                130ul sample + 104ul of beads 
                15min RT 
                15 min RT on magnet, discard supernatant 
                200ul 80% EtOH wash, discard supernatant 
                200ul 80% EtOH wash, discard supernatant 
                Dry at RT for 15 mins 
                Re-suspend in 30ul RSB- Remove and save 28 ul. 
 
Samples measured on Nanodrop. 
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1-15-2013 
High sensitivity chip ran to check shearing products.    
Chip ID 287 or 288. 
 
DNA High Sensitivity Chip run by Allison Sorg on 2013-01-15 at 10:39:57 
Faux Gel Images 
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Electropherograms 
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Concentrations determined after shearing (want 500ng/ul of input DNA for procedure): 
PI HR Acc Sample Name ng/ul Amount need EB added 
cpicard 432 2843 1 26.0 19.2 10.8 
   2844 2 16.0 31.3 3.0 
 
** For sample 2844 only 27ul available after the shearing ampure so all of sheared 
product was used. ** 
 
End repair of sheared DNA. 
                Added 5ul of RSB to each sample because we are not using End Repair Control. 
             Added 20ul End Repair Mix. 
             Thermal cycler, 30⁰C for 30 mins. 
 
0.8% Ampure XP on all samples. 
                ~50 sample + 40ul of beads 
                15min RT 
                15 min RT on magnet, discard supernatant 
                200ul 80% EtOH wash, discard supernatant 
                200ul 80% EtOH wash, discard supernatant 
                Dry at RT for 15 mins 
                Re-suspend in 9ul RSB- Remove and save 7.5 ul. 
 
A-Tailing 
                Add 1.25ul RSB to each sample because no A-Tailing Control. 
                Add 6.25ul A-Tailing Mix to each sample. 
                Thermal cycler:  37⁰C for 30 mins. 
                                         70⁰C for 5 mins. 
 
 Ligated Adapters 
                Added 1.25ul of RSB because no Ligation Control. 
                Added 1.25ul of Ligation Mix. 
                Added 1.25ul of Adapter. Adapter assignments listed below. 
 
PI HR Acc Sample Name Barcode 
cpicard 432 2843 1 AD013 
   2844 2 AD014 
 
 Thermal cycler: 30⁰C for 10 mins. 
                Added 2.5ul Stop Ligation Mix and mixed well. 
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Double Ampure XP 
                Full  Ampure- 21.25ul sample + 21.25ul Ampure XP beads. 
                Mix 10X. 
                RT for 15 mins. 
                RT 5 mins on magnet. 
                Remove and discard supernatant. 
                200ul 80% EtOH wash, discard supernatant. 
                200ul 80% EtOH wash, discard supernatant. 
                Dry at RT for 15 mins. 
                Re-suspend in 26.5 ul RSB- Remove and save 25 ul. 
                0.8% Ampure- 25ul sample + 20ul Ampure XP beads. 
                Mix 10X. 
                RT for 15 mins. 
                RT 5 mins on magnet. 
                Remove and discard supernatant. 
                200ul 80% EtOH wash, discard supernatant. 
                200ul 80% EtOH wash, discard supernatant. 
                Dry at RT for 15 mins. 
                Re-suspend in 22.5 ul RSB- Remove and save 20 ul. 
 
Ran High Sensitivity Chip.   
Chip ID 291 
DNA High Sensitivity Chip run by Allison Sorg on 2013-01-15 at 18:01:26 
Faux Gel Images 
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Electropherograms 
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Samples frozen at -20 until 1-17-2013. 
1-17-2013 
PCR Reaction     
                Added 2.5ul PCR Primer Cocktail 
                Added 12.5ul PCR Master Mix. 
                Mix 10X. 
                Thermal cycler: 6 cycles 
                                                98⁰C for 10 secs 
                                                60⁰C for 30 secs 
                                                72⁰C for 30 secs 
                                                72⁰C for 5 mins 
                                                Hold at 10⁰C 
  
0.8% Ampure XP   
                0.8% Ampure- 25ul sample + 20ul Ampure beads. 
                Mix 10X. 
                RT for 15 mins. 
                RT 5 mins on magnet. 
                Remove and discard supernatant. 
                200ul 80% EtOH wash, discard supernatant. 
                200ul 80% EtOH wash, discard supernatant. 
                Dry at RT for 15 mins. 
                Re-suspend in 32 ul RSB- Remove and save 30 ul. 
 
1-18-2013 
High sensitivity chip to check library construction/PCR prior to QPCR. 
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Appendix D Permission from Elsevier Publishing Company 
  
